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Preface

With a history of more than 20 years the Seminar Medical Image Processing has been
established as a core seminar of higher education for students of Computer Science, Media
Informatics, Software Systems Engineering, also supporting recently established master
programs for international students.
Hence this year we turned the seminar to English language. All presentations were performed in English and again, the seminar was subdivided into a practical and a theoretical
part co-supervised by Professor Ney and Professor Rossmanith, respectively.
Medical image processing is still an emergently growing field of research. The topics that
have been selected this year were taken from recent academic literature. After handing
over the student one or two papers, they were asked to join a specific course on scientific
literature retrieval allowing them to find secondary literature autonomously. Equipped
with these material, the students were asked to report on their topic. Here, all local advisors emphasized the fact that the students have established a suitable critical distance
to the authors of their initial papers; not confusing the authors’ and their own work.
Furthermore, the question was to detect and emphasize weak points in the algorithms or
evaluations presented by the original authors of the papers.
All six students that ended their seminar by their presentation successfully completed the
entire course. Since we are now performing a corresponding lecturer in English language,
that aims at providing baseline information in medical image processing, visualization
and analysis, we assume that our Seminar Medical Image Processing – although existent
now for more than 20 years – will have a bride future with steadily increasing number of
interested students.
Aachen im April 2012
T. Deserno
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Archana Kumari

Zusammenfassung
In ﬁeld of biomedical image analysis, there has been a lot of work which uses the idea of comparing
trees. Although many of them showed promising results, but they were not very suitable due to their
complexity. [18] proposes two dynamic programming algorithms for eﬃciently computing cosegmentations
between component trees representing individual time frames using the so-called tree-assignments. The ﬁrst
algorithm introduces a restricted version of test data, which reduces on the complexity and still gives good
results. The second one proposes some weight computations between so-called component trees that can be
applied to obtain certain cosegmentations in bioimaging applications. The authors have veriﬁed the results
over a large collection of image data imposing the restrictions by dynamic programming formulations.
Their experiments prove that this model outperforms the state-of-the-art approaches.
Keywords: Component Trees, Tree-Constrained Bipartite Matching problem, Cosegmentation of Image
Pairs,Tree Edit Distance

1

Introduction

The use of medical images has become a key point in ﬁeld of medical diagnosis. Cell imaging is one among
the many imaging techniques used in interpretation of medical images. There are various technologies
available for 3D study of cell images. Studying cell motility has become an important factor in understanding numerous biological processes, driven by the rapid development of bio-imaging technology. This
involves a lot of comparison tasks, for which trees are used. In recent past, there has been a lot of work
on the comparison of RNA structures. There are several ways to model RNA structures, like trees, stochastic context-free grammars (SCFGs) etc. Trees are used extensively for this purpose. There are many
approaches proposed to ascertain the similarity between diﬀerent RNA structures(represented using trees
or SCFGs). The authors in [13], have used tree comparisons for comparing multiple RNA secondary structures. They typically compute the distance between two trees. A special type of tree called Component
tree is commonly used for image ﬁltering and segmentation applications [4]. One of the proposed methods
to deal with background inhomogeneities and objects of varying intensities, is to pick local thresholds in
a hierarchical representation of all possible thresholds of an image. The component trees are compared
by solving the so-called tree assignment problem, a natural generalization of bipartite matchings and the
associated assignment problem [15]. Comparing component trees by computing tree assignments yields a
cosegmentation of two images, for example for cell tracking it yields cosegmentations between two time
frames in a video sequence. The authors in [10], have used topological alignments to link segmentations of
two consecutive frames in the video sequence. For bioimaging applications, generalization of the classical
bipartite matching problem appears, which is also referred as the Tree-Constrained Bipartite Matching
problem. Recently some authors have shown this as an NP-hard problem [2]. However, another approach
using integer linear programming works good for small data set [10, 15]. Still, for the real time application, the size of data obstructs the performance. The constrained versions of the problem which can be
solved in polynomial time is of high relevance in practice. [18] proposes a restricted version of the problem
that is solved in polynomial time using a dynamic programming formulation. They have use the same
restriction which was used in context of tree edit distance [1] by Philip Bille. [18] extends the class of tree
alignments and distance measures surveyed in [1]. For bioimaging applications, component trees can be
used to model ﬂuorescence-based images. An image can be ﬁltered using component trees. Filtering the
tree is a decision process which classiﬁes nodes into those that are to be removed and those that are to be
preserved [6]. The obtained component tree requires near-linear time using a union-ﬁnd data structure
[11].
In [15], The authors aim to ﬁnd maximum-weighted sets of pairwise compatible assignments between
vertices of two component trees, which is termed as the Jaccard index. A naive approach to this problem
would need at least quadratic time to compute the weights between all pairs of vertices. [18] proposes
an optimal dynamic programming algorithm, with run time proportional to the number of pixels in
the image plus the number of non-zero overlap weights. In an approach similar to the cosegmentations
introduced in [15], Mattes et al. [9] also used the idea of computing assignments between vertices of
component trees. The authors apply a density based clustering method in order to obtain a tree which
classiﬁes the points on which the gray level function is deﬁned. Secondly, They use the identiﬁcation of the
hierarchical representations of the two images to guide the image matching or to deﬁne a distance between
the images for object recognition. The exact constraints on the matching results remain uncharacterized
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in their approach. In [15], the authors use the tree assignments to obtain the cosegmentations in context
of cell tracking. They have microscopic video sequence of N time frames. They need to solve the N − 1
cosegmentation instances. In [18] they have introduced the restriction to the three-point condition imposed
by the dynamic programming approach. To assess the eﬃciency of this approach, the authors have
evaluated their approach using the same data set as in [15]. Interestingly, there is also theoretical evidence
that the three-point condition does not restrict meaningful results as long as background inhomogeneity
(a common phenomenon in ﬂuorescence microscopy) is similar among the cosegmented images.

2
2.1

Key Terms
Component Trees

Introduced to image processing by Jones [6], the component tree is a representation of a gray-level image
that contains information about each image component and the links that exist between components at
sequential gray-levels in the image. The authors deﬁne a component tree as a set of nodes connected
by a set of edges. Each node in the tree represents a particular component in the gray-level image. The
node is an abstract representation of the component that may be anything from a list of all the pixels in
the component to a single attribute value such as component area. An example of a component tree is
illustrated in Fig.1(a), corresponding to the small gray-level image shown in Fig.1(b). For every component
in that image, there is a corresponding node in the tree, represented by the circles in the ﬁgure. The root
of the tree is shown at the bottom of the ﬁgure and the leaves of the tree are indicated by the circles in
bold at the top of the ﬁgure. A branch is deﬁned as the shortest sequence of linked nodes from any given
leaf down to the root of the tree. There are three branches in the tree, corresponding to the three leaves.
The lines drawn between the nodes are the edges and show the links between components in the image.
As an example of the attribute values that can be stored in the nodes, component area is shown in italics
to the right of each node.

(a)

(b)

Abb. 1.1: The component tree. (a) Perspective view of an example image. (b) Corresponding component
tree.
The process of ﬁltering and segmenting an image using a component tree can be been divided into
the three stages: (1) Constructing the tree from the image; (2) Filtering the tree (speciﬁcally, using an
attribute signature); (3) Mapping the ﬁltered tree to an output image.
2.2

Tree-Constrained Bipartite Matching problem

The Tree-Constrained Bipartite Matching (TCBM) problem is a natural generalization of the classical
maximum matching problem in bipartite graphs. It arises naturally in the computational analysis of live
cell video data. Studying cell motility using live cell video data helps understand important biological
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Abb. 1.2: The three stages of ﬁltering and segmenting an image using a component tree.
processes, such as tissue repair, the analysis of drug performance, and immune system responses. Segmentation based methods for cell tracking typically follow a two stage approach: The goal of the ﬁrst
detection step is to identify individual cells in each frame of the video independently. In a second step, the
linkage of consecutive frames, and thus the tracking of a cell, is achieved by assigning cells identiﬁed in
one frame to cells identiﬁed in the next frame. However, limited contrast and noise in the video sequence
often leads to over-segmentation in the ﬁrst stage: a single cell is comprised of several segments. A major
challenge in this application domain is therefore the ability to distinguish biological cell division from
over-segmentation.
The input of TCBM consists of a weighted bipartite graph G = (V1 , V2 , E) and two rooted trees T1
and T2 . The vertex set of Ti is vi for i = 1, 2. The objective is to ﬁnd a maximum weight matching such
that the matched vertices in each tree are not comparable; that is, if u, v ∈ Vi are matched then u cannot
be v’s ancestor or vice-versa. Fig.2 illustrates the deﬁnition.
2.3

Cosegmentation of Image Pairs

Rother et al. [17], introduce the term cosegmentation which denotes the task of segmenting (Diﬀerentiating
the subdivisions of an organism or part) simultaneously the common parts of an image pair. The authors
have presented a generative model for cosegmentation. To diﬀerentiate the background from the subjects,
it is essential to incorporate some form of diﬀerentiation of parts of images, so that comparison can be
based on those parts of an image pair which are shared in common. In that way, a similarity between
subjects can be scored highly, without unreasonable dilution by diﬀerences in backgrounds. Another
approach can be to capture the similarities in the background scenes of a pair of images, despite the
subjects being unrelated. In [17], the authors have used an approach called integrated region matching,
in which images are subjected to mean-shift segmentation, and then a simple similarity measure records
the similarity of paired regions, in a search over both segmented images. However, the choice of paired
regions takes no account of object coherence, and so cannot properly take account of the distinction
between subject and background. The authors have addressed this shortcoming by jointly cosegmenting
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Abb. 1.3: Example of a feasible tree-constrained bipartite matching. For each matched pair of vertices,
indicated by dotted lines, neither of their descendants are matched.
the image pair using a proper MRF coherence prior and a histogram matching cost, and then compare
either subject or background. Next step is to ﬁnd a coherent image region with given target histogram.
They have deﬁned coherence via MRF priors and solve the problem with iterated graph cuts, called trust
region graph cuts.
2.4

Tree Edit Distance

The edit distance between two trees is deﬁned by considering the minimum cost edit operations (local
operations of deleting, inserting, and relabeling nodes required to turn one tree into another) sequence
that transforms one tree to another. Formally, the edit distance between T1 and T2 is deﬁned as
D(T1 , T2 ) = min {γ(S) | S is an edit operation sequence taking T1 to T2 . }
S

3

Background

Cell tracking plays vital role in various analytical processes like understanding cell cycle, neuronal division
and migration, immune response, development of cancer etc. Based on phase-contrast, confocal or twophoton microscopy, such live cell imaging protocols are now commonly established and corresponding
equipment is commonly available. This arises the need for computational methods to analyze the motility
of cells captured using the time-lapse microscopy. In the whole process, the basic task is to identify the
individual cells and to track their identities over time. The process of cell tracking faces various challenges
because of unpredictable cell behavior like cells devisions, cell entering and leaving the display area. It
gets even more complicated by background inhomogeneity, for instance due to uneven illumination and
cells touching each other. In [15], Xiao et al. have introduced a novel algorithm for cell tracking that
allows to track cells, in particular zebraﬁsh microglia, in 3D two-photon image sequences over time.
Their algorithm can be considered as a broad generalization of thresholding methods. Some previous
methods diﬀerentiate the background and foreground using a threshold intensity. The pixel intensities
below threshold are treated as background while the pixel intensities above this threshold are treated as
foreground. There are some other existing methods (such as locally adaptive thresholding etc) to deal with
background inhomogeneities and objects of varying intensities. The authors in [15], have proposed highly
systematic way of picking local thresholds in a hierarchical representation of all possible thresholds of an
image, the so called component tree. They have compared the component trees of consecutive time frames
by solving the tree assignment problem. Comparing component trees by computing tree assignments yields
a cosegmentation of two images, which is of high relevance for cell tracking, cosegmentations between
two time frames in a video sequence etc. They use their own approach for cosegmentation, which is quite
diﬀerent from the original histogram comparing approach. Xiao et el. [15] ﬁnd an optimal tree assignment
to identify overlapping regions in two images.
Their cell tracking algorithm in [15], takes as input the sequence of images, pruning parameters and the
singlenode cutoﬀ. The output is a sequence of segmented images. It goes through the following steps:
1. Compute component tree for all the input images.
2. Prune the component tree using the pruning parameters and the singlenode cutoﬀ.
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3. For each consecutive set of trees, compute the tree assignment.
4. Use the consecutive tree assignments to obtain two segmentations of image and compute consensus
segmentation from the consecutive tree assignments.
5. Compute a maximum-weighted bipartite matching between the consecutive segments
6. Assign random color to each segment in the ﬁrst calculated segment and use the same color to same
segment in the next computed segments to track segment (cell) identities over time..
Figure 4 illustrates the basic steps of this cell tracking algorithm.

Abb. 1.4: Overview of complete cell tracking algorithm

4

Problem Formulation

The authors in [18] have used the approach of tree assignments along with some other constraints. This
section presents the idea used by them in [18].
General tree assignments : Let S and T denote two rooted unordered trees, with vertices U and V , respectively. [18], deals with tree assignments between two trees, which are sets M = {(u1 , v1 ), . . . , (uk , vk )} ⊂
U × V such that for any two distinct indices 1 ≤ i, j ≤ k, neither ui is an ancestor/descendant of uj nor
vi is an ancestor/descendant of vj . The authors in [18], refer to the set of all possible assignments between
S and T as match(S, T ). Given a weighting function w : U × V → R≥0
∑ that assigns a score w(u, v).
Whenever u is matched with v they assign a weight W (M ) := u,v∈M wu,v M . The above setup
deﬁnes their tree assignment problem (in [18]), which is to ﬁnd the maximum weighted tree assignment,
given S, T and w. The tree assignment problem is a generalization of the maximum weighted bipartite
matching problem.
Constrained tree assignments: The tree assignment problem can be modelled and solved using integer
linear programming [15]. Recently this problem has been shown to be NP-hard [2]. The authors have
considered the constrained tree assignment inspired by the constrained tree edit distance [16]. They
found that the constrained version of the tree assignment problem is solvable in polynomial time like
tree edit distance problem. They named the contraint as the three-point condition because this contraint
introduces a restriction on the topology of trees with three leaves. They use recursions for the constrained
tree edit distance to solve the restricted tree assignment problem.
The three-point condition involves the lowest common ancestor of two vertices a and b in a tree, which
is denoted by lca(a, b). A match M ∈ match(S, T ) is considered as constrained tree assignment if for any
three assignments (a1 , a2 ), (b1 , b2 ), (c1 , c2 ) ∈ M the following holds,
lca(a1 , b1 ) = lca(a1 , c1 ) ⇒ lca(a2 , b2 ) = lca(a2 , c2 )
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The three-point condition is applied to establish the idea that the topology of the two induced subtrees
are identical for any three pairs of vertices in a tree assignment. This implies that distinct subtrees in
one tree are assigned to distinct subtrees in the other tree.
The authors have used a short hand notation, cmatch(S, T ), which refers to the set of all constrained
tree assignments between S and T . Corresponding to the tree assignment problem, the constrained tree
assignment problem ﬁnds the maximum weighted constrained tree assignment between two trees based
on a weight function w.
Component Trees: The authors in [18], have used Component trees in their image analysis setting. They
have computed these component trees I : P → {0, . . . , q − 1}, where P is the set of all image coordinates
and q is the number of gray values. For a threshold 0 ≤ θ < q, the pixel set {p ∈ P |I(P ) ≥ θ} falls
apart into connected components (e.g. with regard to the 4-neighborhood or 8-neighborhood of pixels in
a 2D image). The connected components for all possible thresholds 0, . . . , q − 1 are hierarchically ordered,
deﬁning the component tree in which each vertex represents one connected component. In a component
tree, each vertex v is associated with a (connected) set of pixels, we denote this set by β(v).
Leong et al. [7] introduces an interpretation of constrained tree assignments between component trees involving background inhomogeneities that are of high relevance in microscopic images. This interpretation
indicates that the restrictions imposed on constrained tree assignments does not aﬀect results as long as
background inhomogeneity (which can be dealt with using rolling-ball-type algorithms [14]) is consistent
among the two underlying images, as illustrated in Fig.5.

Abb. 1.5: Relationship between the three-point condition and background inhomogeneity in images: (1)
Often, a biological image such as I1 contains an inhomogeneous background b in addition to the actual
(e.g. ﬂuorescence) signal s1 , which contains three objects that are represented by vertices α1 , β1 , γ1 in the
corresponding component tree. (2A) Given a second image I2 = b+s2 with same background b and similar
objects represented by vertices α2 , β2 , γ2 , a tree assignment involving the three assignments (α1 ,α2 ),
(β1 ,β2 ), (γ1 ,γ2 ) respects the three-point condition. 2B) If, however, there is an image I2 with same signal
s2 but completely diﬀerent background b̃, an assignment involving the three assignments (α1 ,α̌2 ), (β1 ,β̌2 ),
(γ1 ,γ̌2 ) will violate the three-point condition.
Calculating overlap weights: Computing the vertex weights between two given component trees S and
T is also an important part of obtaining cosegmentation. For simplicity, the authors have used the same
symbol β for the vertex to pixel mappings of S and T . So, for vertex u ∈ S, β(u) refers to a pixel set in
image corresponding to S and for vertex v in T refers to a pixel set in image underlying T . A weighting
function to be used for cosegmentation, as introduced in [15], is the Jaccard index:
w(u, v) = |β(u) ∩ β(v)|/|β(u) ∪ β(v)|
Before solving either the constrained or the unconstrained tree assignment problem, it is necessary to
compute the weights between all pairs of vertices.

5

A Quasi-Linear Time Algorithm for Computing Overlap Weights

The time complexity in weight calculation between the pairs of vertices is relatively higher than the complexity of the rest steps. In practice, this step limits the performance of the entire process. Optimization
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of this step will enhance the performance of overall cosegmentation process in terms of time. This section
presents the algorithm introduced the authors in [18], to compute overlap weights. They propose a linear
time dynamic programming algorithm for calculating overlap weights by systematically utilizing the inclusion relationship of a node and its children in a component tree. The authors in [18], have described
the component tree T as T = (V, E, α, β) where V is the set of vertices in tree T , and α, β are two
mappings from vertices to sets of pixels in an image. For each vertex v, β(v) is the connected area in
image, which is associated with v, while α(v) is the connected area of v excluding the connect areas of
the children of v. The pixels in α(v) belong exclusively to v and not to any of its children. In this setup
vi denotes the ith child of vertex v and C(v) denotes the set of children of v. They have formulated it as
eq.(1).
β(vi ) ∩ β(vj ) = ϕ ∀vi ̸= vj ∈ C(v)

(1.1)

Hence, β(v) can be decomposed as follows:
∪

β(v) = α(v) ∪

β(vi )

vi ∈C(v)

That means β(v) can be partitioned into α(v) and β(vi ) where vi ∈ C(v). The authors have proposed
this as the guiding principle of the dynamic programing algorithm for weight calculation. They consider
S = (VS , ES , α, β) to be the ﬁrst component tree and S = (VT , ET , α, β) to be the second component
tree. Next they compute the Jaccard index between each vertex u ∈ S and vertex v ∈ T ,which is deﬁned
as the eq.(2) below.
w(u, v) = |β(u) ∩ β(v)|/|β(u) ∪ β(v)|
(1.2)
They re-write the above equation as the eq.(3) below.
w(u, v) =

|β(u) ∩ β(v)|
|β(u)| + |β(v)| − |β(u) ∩ β(v)|

(1.3)

They rephrase the weight calculation between vertex u ∈ S and vertex v ∈ T as calculating intersections
between β(u) and β(v). As a shortcut notation, they deﬁne cardinality of the intersection of β(u) and
β(v) as
ββ(u, v) = |β(u) ∩ β(v)|
Similarly,
αβ(u, v) = |α(u) ∩ β(v)|
αα(u, v) = |α(u) ∩ α(v)|
After decomposing β(v) into α(v) and β(vi ), they split ββ(u, v) as
∑
ββ(u, v) = αβ(u, v) +
ββ(ui , v)
ui ∈C(u)

While αβ(u,v) is split as
αβ(u, v) = αα(u, v) +

∑

ββ(u, vi )

vi ∈C(v)

For the proposed dynamic programming algorithm, the authors have used three dynamic programming
tables αα, αβ, and ββ. Based on the dependency relationship between them, the authors compute them
in the following order:
αα(u, v) → αβ(u, v) → ββ(u, v)
The authors have assumed P as the set of all pixels in an image, and T = (V, E, α, β) as its component
tree. Then, α(v) is a partition of P .
∪
P =
α(v)
(1.4)
u∈V

Using the above equation the authors deﬁne a reverse mapping α−1 : P → V is deﬁned, which
identiﬁes for each pixel p ∈ P , the unique vertex v that satisﬁes p ∈ α(v). Using this reverse mapping,
they have calculated all αα(u, v) in time O(|P |). Based on the above recurrence relations, both ββ(u, v)
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and αβ(u, v) were calculated in a dynamic programming fashion by postorder traversal of the component
trees (see Algorithm 1). This led to a time complexity of O(|S| · |T |).
Worst-case time complexity: For the whole weight calculation process, they ﬁrst compute all αα weights,
then the αβ weights, and ﬁnally the ββ weights, which yields a total running time of O(|P | + |S| · |T |).
From eq.(4), we get
|P |
|V | =
avgv∈V (|α(v)|)
|V | ≤ |P | always holds, since avgv∈V (|α(v)|) ≥ 1.
For large images (|P | ≈ 106 ), such as the ones considered in Section 5, the full component tree contains
about 105 vertices. However, after pruning, the tree size decreases dramatically, to typically much less
than 500, as observed in [15]. Usually, for large images, they have avgv∈V (|α(v)|) ≥ |V |, so |V |2 << |P |.
Under these circumstances, the total running time, dominated by the number of pixels, is quasi-linear
w.r.t |P |.

6

Dynamic Programming Algorithm for Constrained Tree Assignment

Constrained tree assignments can be considered to be a special case of the constrained edit distance [16],
where assigning node u to node v is equivalent to changing the label of node u to the label of node v.
The cost of changing node u to v is w(u, v) and the rest of the operations have zero cost. In addition,once
node u is changed to v, the descendants of u and v need not be considered anymore. Hence, the proposed
dynamic programming algorithm in [18], is a simpliﬁcation of the dynamic programming algorithm for
computing constrained edit distance between unordered labeled trees [16]. They assume Tu to be the tree
rooted at node u and Fv to be the forest of the subtrees of u. They refer to Tv as a subtree of another
tree S if vertex v belongs to some tree S. M (Tu , Tv ) is the optimal assignment between the two trees
Tu and Tv and W (Tu , Tv ) is the score of the optimal assignment. They have introduced the following to
establish the recurrence relation lemmas for W .
Lemma 1.

 W (u, Tv )
W (Tu , v)
W (Tu , Tv ) = max

W (Fu , Fv )
{
w(u, v)
W (u, Tv ) = max
maxy∈C(v) w(u, Ty )
{
w(u, v)
W (Tu , v) = max
maxx∈C(u) w(Tx , v)

Algorithm 1: Computing all overlap weights between component trees S and T
Compute post-order enumerations of the vertices in S and T as u1 , . . . , un and v1 , . . . , vm respectively
{αα weights calculation}
Initialize all αα(u, v) to 0
for each pixel p ∈ P do
u := α1−1 (p)
v := α2−1 (p)
increase αα(u, v) by one
end for
{αβ weights calculation}
for i := 1 → n do
for j := 1 → m do
Initialize αβ(ui , vj ) to αα(ui , vj )
for each child c ∈ C(vj ) do
αβ(ui , vj ) := αβ(uu , vj ) + αβ(ui , c)
end for
end for
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end for
{ββ and Jaccard index calculation}
for i := 1 → n do
for j := 1 → m do
Initialize ββ(ui , vj ) to αβ(ui , vj )
for each child c ∈ C(ui ) do
ββ(ui , vj ) := ββ(uu , vj ) + ββ(c, vj )
{ |β(u)| and |β(v)| are tracked during the building of the component trees}
w(ui , vj ) := ββ(ui , vj )/(|β(ui )| + |β(vj )| − ββ(ui , vj ))
end for
end for
end for
Proof : Consider the nodes u and v, there are three possible cases: (1) u ∈ M , (2) v ∈ M , and (3) u ̸∈ M
and v ̸∈ M .
Case 1: (u ∈ M ): Node u is matched to some node in Tv . In order to maximize the objective function
node, u must be matched to some node x in Tv that maximizes w(x, v).
Case 2: (v ∈ M ). Similar to case 1.
Case 3: (u ̸∈ M and v̸∈M ). Since both u and v are not in M , we can remove them and ﬁnd an optimal
assignment between the remaining forests, Fu and Fv .
Algorithm 2: Computing the optimal assignment between two trees S and T
Compute post-order enumerations of the vertices in S and T as u1 , . . . , un and v1 , . . . , vm respectively
{Matching a node ui in S to all subtrees of T }
for i := 1 → n do
for j := 1 → m do
W (ui , Tvj ) = w(ui , vj )
for each child c ∈ C(vj ) do
W (ui , Tvj ) := max(W (ui , Tvj ), w(ui , Tc ))
end for
end for
end for
{Matching a node vj in T to all subtrees of S}
for j := 1 → m do
for i := 1 → n do
W (ui , Tvj ) = w(ui , vj )
for each child c ∈ C(vj ) do
W (Tui , vj ) := max(W (Tui , vj ), w(Tc , vj ))
end for
end for
end for
{Matching a subtree of S to a subtree of T }
for i := 1 → n do
for j := 1 → m do
Construct a weighted bipartite graph G = (U ∪ V, E), where U = Fui , V = Fvj , and
E = {(Tx , Ty , W (Tx , Ty ))|Tx ∈ Fui andTy ∈ Fvj }
MG = M axW eightedBipartiteM atching(G)
∑
W (Tui , Tvj ) := max(W (ui , Tvj ), W (Tui , vj ), (Tx ,Ty )∈MG W (Tx , Ty ))
end for
end for

Lemma 2: Let M̃ be the set of all possible matchings between the trees in Fu and the trees in Fv .

An optimization problem in virtual endoscopy

Then,
W (Fu , Fv ) = max

M ∈M̃
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∑

W (Tx , Ty )

(Tx ,Ty )∈M

Proof : The key property of the three-point condition is that distinct trees in Fu is assigned to distinct
trees in Fv , hence it suﬃces to consider one-to-one matchings between the trees in Fu and Fv . Since
the aim is to maximize the ﬁnal assignments, the authors in [18], maximize over all possible one-to-one
matchings between trees in Fu and trees in Fv . This is precisely the maximum weighted bipartite matching
problem where the two partite sets are the trees in Fu and Fv respectively and the weight between two
trees is given by W .
In [18], they ﬁrst compute W (u, Tv ) and W (v, Tu ) for all possible pair of nodes u and v, where u is
in S and v is in T using dynamic programming. Then next step is to compute W (Tu , Tv ) by solving a
maximum weighted bipartite matching problem and combining that with the results from the previous
step. The pseudo code for the whole algorithm is listed in Algorithm 2.
Worst-case time complexity: The number of subproblems in W is O(|S| · |T |) and except for the
computation of the maximum weighted bipartite matching, each subproblem can be solved by taking the
maximum of a ﬁxed number of cases. Therefore, the bottleneck in this algorithm is in the computation
of maximum weighted bipartite matching. The worst-case time complexity for computing the maximum
weighted bipartite matching on a graph with n vertices and m edges is O(n(m+n log n)) [3], thus the worst
case time complexity for computing the optimal assignment between Fu and Fv is O((nu + nv )(nu nv +
(nu + nv ) log(nu + nv ))), where nu is the number of children of node u and nv is the number of children
of node v. Hence, the worst-case time complexity of this algorithm is
∑∑
C X (nu + nv )(nu nv + (nu + nv ) log(nu + nv ))
u∈U v∈V

≤

∑∑

D · (nu nv )D log D(nu + nv )

u∈U v∈V

= C(D(|S| · |T |) + D log D(|S| · |T |))
≤ 2C((|S| · |T |)D log D)
= O((|S| · |T |)(deg(S)) + deg(T )) log(deg(S) + deg(T ))
where deg(S) is the maximum degree of a node in S and D = deg(S) + deg(T ).

7

Results

The authors in [18], aim to introduce an algorithm for the application in [15]. They used a pair of ﬂuorescence based images, taken in two consecutive time frames, to identify the regions that corresponds to
cells. The approach used in [18] is to convert each image into their corresponding component trees and
then perform tree assignment to identify similar segments in the two images. The authors in [18], use
dynamic programming algorithms for solving the constrained tree assignment problems while in [15], the
authors have used the Integer Linear Programming (ILP) approach for the same task.
The authors have evaluated their dynamic programming algorithm for solving the constrained tree assignment against the ILP approach using the same synthetic and real images which were used in [15]. Real
images display in-vivo time-lapse recordings of zebraﬁsh brain with a green ﬂuorescent protein expressed
speciﬁc to microglia (neural immune cells); synthetic images contain ellipsoid objects perturbed by noise
and diﬀerent types of background inhomogeneity. Both synthetic and real images are three-dimensional
involving around 200 × 200 × 40 voxels each. The running times and the scores obtained by the constrained tree assignments was compared against the unconstrained tree assignment to evaluate whether the
constraint aﬀect solutions that are relevant in practice. As the quasi-linear time algorithm for computing
overlap weights has been implemented, although not described, in [15], its running time was not further
compared to a naive approach.
Running time of unconstrained versus constrained tree assignments: In the ﬁrst experiment, the authors compared the running time of the integer linear programming approach from [15] with the dynamic
programming approach for the constrained tree assignment as described in Section 4. As shown in Figure
6, their DP approach help them to solve substantially larger instances within a few seconds compared to
the ILP approach. The running time of the ILP solver increases much more rapidly, especially when the
number of vertices exceeds 2000.
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Abb. 1.6: Running time of integer-linear programming approach vs. dynamic programming approach. The
number of vertices is the sum of the size of the two trees that were aligned. Instances of diﬀerent size were
derived from the microglia dataset from [15] by applying diﬀerent pruning parameters for the component
trees, again following [15]. The running time for computing weights becomes negligibly small using the
quasi-linear time algorithm introduced in [18].

Abb. 1.7: Left Part. Histogram of score ratios between dynamic programming approach and integer linear
programming approach. The majority of instances achieve a score of more than 60% of the unconstrained
version and can be expected to be reliable. Right Part. (Top.) Example of a dataset where the constrained
version (middle) achieves a score of only 30.42% of the unconstrained version (left), thus missing relevant
segments representing microglia indicated by green circles in the original image (right). (Bottom.) Example of instance where the constrained version achieves 70.21% of the unconstrained version’s score. All
microglia are identiﬁed equally by both versions (green circles on the right), while the segments missed
represent segments from background noise or unspeciﬁc expression of the fuorescent marker (red circles).
(Visualized using v3d [12].)
Scores of unconstrained versus constrained tree assignments: To quantify how the three-point condition
aﬀects the score of solutions (and thus the quality results), in [18], the authors compared the scores
obtained using Algorithm 2 versus the scores obtained from the unconstrained tree assignment using
the integer linear programming approach from [15], utilizing both synthetic data and real microscopic
images of zebraﬁsh brain from [15]. The results displayed in Fig.7 indicate that while a small number of
constrained scores achieve less than 30% of the unconstrained ones and can be considered to possibly loose
critical segments, the majority of instances achieves a score of around 60% of the unconstrained score.
Therefore, most of the results obtained using the constrained version are useful in practice. The score
ratio is virtually constant across diﬀerent signal-to-noise ratios in synthetic images with homogeneous
background noise (data not shown).

8

Conclusion and Future Work

[18] introduces dynamic programming approaches to the tree assignment problem, which is of importance
in bioimaging applications. From a theoretical point of view, constraining assignments to the three-point
condition helps them to design a fast polynomial-time algorithm. The authors have evaluated the practical
implications of this, demonstrating that the dynamic programming approach enables them to solve large
instances within a few seconds. Comparing the resulting scores with the unconstrained version suggests
that solving the constrained version is suﬃcient in many cases. This dynamic programming algorithm will
be made available in a future release of the ct3d software package for cell tracking and cosegmentation

applications.
From an algorithmic point of view, investigating other variations of tree assignments is interesting from
both theoretical and practical perspectives. The more relaxed condition introduced by Lu et al [8]. for
the less-constrained edit distance [8] can also be applied to tree assignment in future. In that case, the
dynamic programming algorithm from Jiang et al. [5] can be adapted, for alignment of unordered rooted
trees, to solve the less-constrained tree assignment problem. The drawback is that the algorithm has
running time exponential in the degree of the trees. The trade-oﬀ between the running time and the
quality of the solution can also be explored. While beyond the scope of this more algorithmically focused
contribution, a more detailed evaluation of how restricting to the three-point condition aﬀects results on
both synthetic and real biological image data is desirable.
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Zusammenfassung
This report compares two recent publications that deal with the problem of object detection by shape
matching: “From Partial Shape Matching to Robust Global Shape Similarity” by Ma et al. and “Global
Contour Shape Matching” by Schindler et al. Both approaches are explained in detail and their advantages
and disadvantages are discussed.
Keywords: shape matching, object detection, medical image processing

1

Introduction

Object detection in computer vision and medical image processing is the task of ﬁnding the objects in an
image that belong to a speciﬁc class. Even though this is an easy problem for humans, for computers it is
generally very hard. An algorithm has to decide if an image contains an object based on some template
or model of this object. If the image contains the object the algorithm needs to ﬁnd the position and
dimension of the object in the image. The problems that may arise include noise or clutter in the image,
objects that are only partly visible due to occlusion, and objects that are hard to separate from the
background. These problems can either lead to not ﬁnding the object or detecting an object in a region
that actually does not contain it (a false positive). The model or template that speciﬁes the class of
objects that should be found can either be a set of example images or some description of the features of
the model. The features can include various information such as color, texture or geometric information.
This report focuses on object detection by shape matching. Shape matching uses only geometric
information to compare objects. In the case of images these are the edges of an object. Objects can be
detected by comparing the template object with the geometric information found in the image. In chapter
2 the basic concept of shape matching is explained in detail and some applications of shape matching and
object detection in the context of medical image processing are presented. Chapter 3 and 4 present two
recent publications that use shape matching for object detection: “From Partial Shape Matching through
Local Deformation to Robust Global Shape Similarity for Object Detection” [1] and “Object Detection
by Global Contour Shape” [2]. The last chapter compares the two approaches by explaining some of its
strength and weaknesses.

2
2.1

Motivation and Fundamentals
The Basic Workﬂow of Shape Matching

There exist a lot of shape matching algorithms, each with a diﬀerent approach to solve the problem of
ﬁnding objects by their shape. Although they are quite diﬀerent in detail, most of them share a common
workﬂow. The ﬁrst thing that needs to be deﬁned is the template shape that speciﬁes the class of objects
that should be found. Template shapes can, for example, be learned though a set of sample images or
they are given by the user in the form of a binary image. In either way they are stored in the form of
a shape descriptor. Shape descriptors are data structures that model the most important features of a
shape. Compared to a simple set of points (i.e. pixels) they have the advantage that they are usually
independent from a speciﬁc image resolution. They should in particular be scale, translation and rotation
invariant. This makes it easier to compare them with shapes found in an image.
Having deﬁned a template shape, it is used to ﬁnd similar shapes in a set of input images. First for
each of these images the edges are extracted. Since only the shape of the objects is important other
information like the texture of the object is not needed. Most edge detectors apply some ﬁlter to smooth
the image and then compute the ﬁrst or second order derivative of the resulting image. Due to occlusion
or other artifacts, some parts of an edge may be missing. Several edge detection algorithms are capable
of linking edges to ﬁll small gaps caused by these artifacts. The quality of the edge extraction directly
inﬂuences the result of the object detection. If some edges of the object are missing or the edges contain
too much noise it is harder to ﬁnd the object.
The next step in shape matching is to measure the similarity between the shape descriptor of the
template shape and a set of edges from the input image. Therefore the edges are often stored in the form
of the shape descriptor and a matching function is deﬁned that measures the similarity to the template
shape. The result of the matching function determines if the edges represent the object being sought. It
is mostly ineﬃcient to compare the template shape to all possible set of edges. Some kind of heuristic is
used to ﬁnd the potentially best sets of edges.

Contour based shape matching (for object detection and recognition)

2.2
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Medical Applications of Shape Matching

The object detection and shape matching mechanism described in the last section is most useful when
searching for objects in large image collections. In medical applications there are often content-based
image retrieval (CBIR) systems or computer-aided diagnosis (CAD) systems that contain lots of medical
images. CBIR systems are used to retrieve images form a database based on some search parameters. They
are for example used to ﬁnd images that containing a speciﬁc pathology to help doctors in diagnosing this
pathology. In addition to that they can be used for medical research or training medical students. CAD
systems even go one step further by automatically diagnosing certain pathologies. They also work with
large databases that contain images of various pathologies. The challenging task with these systems is to
ﬁnd exactly the images that the user wants to ﬁnd. Indexing all images with keywords is time consuming
and requires medical experts. Usually speciﬁc features of the images are automatically extracted and these
features are used to compare images. Features can include information about color, texture, intensity or
shape. However, sometimes shape is the only useful feature.
A use case where only shape information is used for automatic image retrieval can be found in [3]
and [4]. The authors describe CBIR system for a large database of spine X-ray images. The National
Institutes of Health of the United States maintains a collection of 17000 spine X-ray images that have
been collected during a national survey. The problem with X-ray images is that they are grey value, have
low contrast and contain little in terms of texture. The only useful information that can be extracted is
the shape of the vertebrae. However, shape reliably describes various pathologies. For all images in the
database the shape of the vertebrae was automatically extracted and stored together with the images in
the database. The authors developed a tool where the user can sketch the shape of the vertebra and the
system automatically searches for images that contain vertebrae with similar shapes. Figure 2.1 shows
the user interface of the system.
In most cases only parts of the vertebra boundary are relevant for a speciﬁc pathology. One example
of such a pathology that is mentioned by the authors is anterior osteophytes (AO) which are bone spurs
that develop on the front of the vertebrae. They are usually caused by shrinking of the intervertebral discs
and the resulting bone-on-bone friction of the vertebrae. To reliably ﬁnd vertebra shapes that contain
AO, the search should be restricted to the parts of the shape that represent the characteristic properties
of AO. Therefore the authors developed a partial matching system where the user can select the part of
the query shape that should be used during the search. In ﬁgure 2.1 this part is indicated by red dots.

(a)

(b)

Abb. 2.1: (a) The user interface to sketch a query shape and to select the region of interest. (b) The user
interface to show the shapes that have been found. (from [3])

3

From Partial Shape Matching to Robust Global Shape Similarity

The approach to object detection described by Ma et al. [1] is based on partial shape matching which
gives the basis for global object detection. Partial shape matching means that only parts of the template
contour are matched with edges in the image. For each edge in the image the algorithm tries to ﬁnd a
part on the template contour that is similar to the edge. The alignment of the edges found in this step
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is compared to the alignment of the corresponding parts of the template object to ﬁnd global detection
hypothesis. An object is detected if the correspondence of the edges and the alignment is similar enough
to the template object.
As input the algorithm expects a set of edges extracted from an image (section 3.1). The shape
descriptor that is used to model the template object and the edges is based on the direction and distance
between the points of the described shape. This is explained in detail in section 3.2. The matching
function used for partial matching is presented in section 3.3. From the partial matches a weighted graph
is constructed where certain subgraphs deﬁne the detection hypothesis (section 3.4). In this step the
alignment of the partial matches is analyzed. In the last step these detection hypothesis are evaluated
and ranked.
3.1

Edge Detection

Abb. 2.2: An image (a) with the output of an edge detector (b). All pixels that have been linked are
shown in the same color. (from [1] with slight modiﬁcations)
The output of a standard edge detector is used as the basis for object detection. Figure 2.2 shows an
example of an image together with the output of the edge detection process. To understand the problems
and diﬃculties of edge detection the steps of the Canny edge detector [6] are roughly described in the
following. The Canny edge detector is widely-used and in addition to that it is mentioned by Ma et al.
as one possible edge extraction operator for their algorithm. First the input image is transformed into a
grey value image. To reduce noise in the grey value image it is smoothed with a Gaussian ﬁlter. Edges
are characterized by large changes of intensity between neighboring pixels. These changes are extracted
by computing the ﬁrst discrete derivative of the image in x- and y-direction. From these two derivatives
the direction and magnitude of the gradient can be computed. Potential edges that are more than one
pixel wide are then thinned to one pixel by setting all gradient magnitudes to zero (i.e. black) that do
not represent a local maximum. The result of this step is again a grey value image where the intensity
represents the magnitude of the gradient. The last step of the Canny edge detector is to decide whether
a pixel with an intensity greater than zero really belongs to an edge. Starting with pixels that have a
high intensity, the gradient direction computed earlier is used to trace edges and remove pixels that fall
below a threshold. This results in a binary image where each pixel either represents an edge or no edge.
One additional step that can be performed is linking edge pixels by assigning a unique value to all edge
pixels that belong to one edge. The overall output of the edge detection process is thus a set of edges
where each edge consists of a list of pixels that belong to this edge.
The Canny edge detector has a number of parameters that inﬂuence the result. The Gauss ﬁlter
removes noise. But setting the size of the ﬁlter too high can have the result that small sharp objects
are not detected. Setting the threshold used in the last step too high may result in not detecting some
important edges. Setting it too low will detect small irrelevant edges.
The authors of [1] identiﬁed three challenges for object detection that are caused by suboptimal edge
detection:
1. Edges or parts of edges that belong to the object may be missing in the image. This can, for example,
happen if only a part of the object is visible or the edge detection algorithm was not able to detect
these edges. For example in ﬁgure 2.2(b) the lower parts of the legs are missing.
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2. If the edge extracted by the edge detector contains holes the edge linking algorithm may not be
able to link all edge pixels to one edge. The result is that one edge of the template object is broken
into several pieces in the image.
3. Some edges of the object may be wrongly connected to edges of the background. In ﬁgure 2.2(b)
the yellow edge that belongs to the swan’s neck contains also the reﬂection of the neck in the water.
The approach in [1] is designed to handle the three diﬃculties. The simple approach to match the whole
template object with a whole edge in the image does not work if one of the problems occurs. To overcome
the diﬃculties 1. and 2., the algorithm allows that only parts of the template object must match with
an edge in the image. Problem number 3 makes the situation even worse. It implies that only part of an
edge may belong to the object. Thus only part of an edge must match with part of the template object
contour.
3.2

Shape Descriptor

The shape descriptor that is used is based on the ideas of “shape context” [5] which is one of the most
popular descriptors to model the shape of an object. To describe a shape, shape context only needs a
set of points sampled from the contour of the object. This makes the descriptor very ﬂexible, because it
can handle arbitrary edges and not only the outline of an object. For each sample point, the vectors to
all other points are computed. The length and angles of these vectors can be viewed as the shape of the
object relative to their originating point. They deﬁne the direction and the distance to all other points.
Both quantities are placed inside histogram bins to reduce the amount of data. The histograms of all
points together describe the shape of the object. To achieve invariance to scaling all length values are
divided by the median distance of all point pairs before they are placed in the histogram. Furthermore,
all distances are measured in logarithmic space to make the descriptor more sensitive to the position of
nearby points. The descriptor is by construction invariant to translation because there are no absolute
positions involved.
p

i

P:
p

i

P:

Q:

(a)
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Abb. 2.3: (a) Illustration of the shape descriptor for two contour fragments. For each point pi of P the
distance and direction to all points of Q are computed. Likewise for each point of Q the distance and
direction to all points of P are computed. (b) Illustration of the shape descriptor of one fragment. For
each point pi of P the distance and direction to all points of P are computed
The main diﬀerence between shape context and the descriptor used in [1] is that no histograms are
computed. Instead all length and direction values are stored in matrices. In addition to that no points
are sampled from the contour. Distance and direction is computed either between all points of one
contour fragment (i.e. edge) or between the points of two contour fragments (see ﬁgure 2.3). The shape
descriptor for one contour fragment is used in the partial matching step and the shape descriptor for
two fragments is used in the global matching step. Given two contour fragments P = {p1 , ..., pm } and
Q = {qi , ..., qn }, the matrix D(P,Q) ∈ Rmxn stores all distances between points in P to points in Q and
the matrix Θ(P,Q) ∈ Rmxn stores all directions from points in P to points in Q. So for two points pi and
qj , D(P,Q) (i, j) contains the distance between the two points and Θ(P,Q) (i, j) contains the orientation of
the vector from pi to qj . The distance is again deﬁned in the logarithmic space to make the descriptor
more sensitive for near points:
(
)
D(P,Q) (i, j) = log 1 + ∥⃗
pi − q⃗j ∥2
(2.1)
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One is added to the euclidean distance to ensure that the matrix only contains positive values. To describe
just one contour fragment, the deﬁnition of both matrices stays the same. D(P,P ) contains the distance and
Θ(P,P ) the directions of all points in P to all other points in P . The shape descriptor is used to describe
both, the template contour and the edges in the input image. The observation made above for translation
invariance regarding shape context are also valid for this descriptor. Scale invariance is achieved during
comparison of shape descriptors (see section 3.3.1). However, the descriptor is not rotation invariant.
The directions are deﬁned in an arbitrary but ﬁxed coordinate system and if the shape is rotated the
descriptor changes. As later can be seen rotation is also not considered when comparing descriptors. This
can be seen as a drawback of the approach presented in this chapter.
3.3

Matching Function

3.3.1 Similarity of two Shape Descriptors To measure the similarity of two descriptors, two aﬃnity
matrices are deﬁned: one for the distances and one for the directions. The aﬃnity matrix AD (P, Q, T, U )
is used to compare the distance values of D(P,Q) with the values of D(T,U ) . Thus it models the similarity
in the distance values of the contour fragment conﬁguration (P, Q) to the contour fragment conﬁguration
(T, U ). To compare the two contour fragment conﬁgurations, P must have the same number of points as
T and Q must have the same number of points as U . The deﬁnition of the distance aﬃnity matrix is the
following:
( (
)2 )
D(P,Q) (i, j) − D(T,U ) (i, j)
(P,Q,T,U )
AD
(i, j) = exp −
(2.2)
)2
(
D(P,Q) (i, j)σ
By dividing the distance diﬀerence by the distance of the ﬁrst descriptor, the relative instead of the
absolute diﬀerence is computed. This makes the comparison scale invariant. σ is used to control the
tolerance of the distance comparison. A larger σ results in a larger aﬃnity. Obviously a large distance
leads to a small value in the aﬃnity matrix and the other way around.
The aﬃnity matrix for the directions is deﬁned in a similar way as the one for the distances:
( (
)2 )
Θ(P,Q) (i, j) − Θ(T,U ) (i, j)
(P,Q,T,U )
AΘ
(i, j) = exp −
(2.3)
δ2
Here δ controls the tolerance of angle diﬀerences. The aﬃnity matrix for the overall similarity is the sum
of the distance and direction aﬃnity matrices:
(P,Q,T,U )

A(P,Q,T,U ) = AD

(P,Q,T,U )

+ AΘ

(2.4)

The similarity Ψ (P, Q, T, U ) between the two contour fragment conﬁgurations is now deﬁned as the
average value of the elements in the aﬃnity matrix. All values in A(P,Q,T,U ) are summed up and divided
by the total number of values. If only two fragments are compared, the deﬁnitions from above can be
used as well. For the two fragments P and T the aﬃnity matrix is given by A(P,P,T,T ) and the similarity
is denoted by Ψ (P, T ).
3.3.2 Matching Edge Fragments To Template Contour Fragments With the aﬃnity matrix
deﬁned above edges in the image can be compared with the template contour. However, as stated in
section 3.1 only parts of the template contour must match with parts of edges. So for an edge the part
that matches best with a part of a model fragment has to be found. Given an edge ek which consists of the
points {q1 , ..., qn } and the template contour M with the points {p1 , ..., pm }, the question is at what point
does the best match start and how long is it. One part of the edge is denoted by ek (j, l) = {qj , .., qj+l−1 }
and similarly one part of the template is denoted by M(i, l) = {pi , .., pi+l−1 } (see ﬁgure 2.4). Obviously
both parts need to have the same length in order to compare them. To ﬁnd the best match, the values of
the variables i, j and l need to be chosen in a way that maximizes the aﬃnity of M(i, l) with ek (j, l). In
addition to that the template shape needs to be compared to more than one edge and not just to a ﬁxed
edge ek . To formalize the problem, the four dimensional matrix Γ is constructed:
Γ (i, j, l, k) = Ψ (M(i, l), ek (j, l))

(2.5)
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Abb. 2.4: The parameters that deﬁne a partial match between the template contour M and and edge
ek . i is the starting point on the template shape and j the starting point on the edge. l deﬁnes the length
of the parts that should be compared.
Remember that Ψ uses the aﬃnity matrices to measure the similarity of two fragments and thus Γ
returns the similarity of a part of the template contour to a part of the edge k. Good matches between
the template and the edges are given by ﬁnding maxima of Γ . The ﬁrst observation that one can make
is that for given starting points i and j and a speciﬁc edge k, only the length l is relevant that gives the
best matching. It is unlikely (however not impossible) that a length l that does not belong to the best
partial matching leads to a better global matching. Using only the best length reduces the dimension of
the matrix and is thus a ﬁrst optimization step. Based on this observation two functions are deﬁned:
S(i, j, k) = max Γ (i, j, l, k)

(2.6)

G(i, j, k) = arg max Γ (i, j, l, k)

(2.7)

l

l

Given i, j and k, the function G returns the length l that maximizes the similarity and S computes this
similarity value. One additional improvement must be made regarding the deﬁnition of the matching. If
the length is small only a few points are compared which gives no reliable information about the shape
similarity. For example if l = 1 only one point is compared which always leads to the maximal similarity.
Therefore Γ (i, j, l, k) is set to zero if l is smaller than a speciﬁc threshold.
3.4

Finding the Best Matching Contours in the Image

In the last section parts of the template contour were matched with the edges in the image. To detect
objects, this partial matching must be transformed to a global one. Based on the local matching, edge
fragments need to be found whose alignment is similar to the alignment of the corresponding template
fragments. Given two partial matches (em , M1 ) and (en , M2 ) between edges (or parts of edges) and
template fragments, it has to be checked if the conﬁguration of em and en is compatible to the conﬁguration
of M1 and M2 (see ﬁgure 2.5). Here conﬁguration means the direction and relative distance between the
fragments. If enough edges are found where the overall conﬁguration is similar to the template object, an
object is detected.

en

M2

(a)

M1

(b)

em

Abb. 2.5: To ﬁnd a global matching, the conﬁguration of partial matches must be compared within the
template object (a) and between the edges of the image (b).
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3.4.1 Transformation to a Graph Problem The task of ﬁnding good global matches is transformed
to a graph problem. A weighted graph, the matching graph, is constructed, where each vertex corresponds
to a partial match G(i, j, k). The graph is complete, i.e. each vertex is connected with all other vertices.
The edge weight between two vertices is deﬁned as the similarity between the conﬁguration that is created
by the two partial matches.
Given two vertices v1 = G(i1 , j1 , m) and v2 = G(i2 , j2 , n) which correspond to the partial matchings
(M(i1 , l1 ), em (ji , l1 )) respectively (M(i2 , l2 ), en (j2 , l2 )), the edge weight between the vertices is deﬁned
as:
A(1, 2) = Ψ (M(i1 , l1 ), M(i2 , l2 ), em (ji , l1 ), en (j2 , l2 ))

(2.8)

The edge weight is equal to the similarity of the conﬁguration (M(i1 , l1 ), M(i2 , l2 )) to the conﬁguration
(em (ji , l1 ), en (j2 , l2 )). A is actually a matrix where each element speciﬁes the weight of the edge between
two vertices. The graph can now be used to ﬁnd detection hypothesis by ﬁnding clusters in the graph.
A cluster is a subgraph where the vertices have high internal aﬃnity and low aﬃnity to vertices outside
of the subgraph [13]. By adding additional vertices to the cluster, the average aﬃnity is decreased. A
cluster can thus be seen as a maximal clique in a weighted graph. The precise deﬁnition is a little bit
complicated and can be found in [13]. In the case of the matching graph, a cluster is a subgraph where
the similarity (i.e. edge weights) between the partial matches (i.e. vertices) is maximal.
To reduce the complexity of the graph, a few adjustments are made. For each point i of the template
shape only the K best matches are included as vertices in the graph. This reduces the number of vertices
in the graph but also limits the number of objects that can be detected per image. If there is more than
one match for an edge, the distance between the edge parts must be approximately the same as the
distance between the two corresponding parts of the template object. If the distance diﬀerence is too
large, the edge weight between the two matches is set to zero. This sparsiﬁes the edge weight matrix A.
In addition to the two simpliﬁcations from above, the complexity of the graph can further be reduced by
observing that a part of the template fragment can only correspond to one edge fragment. It is impossible
that several edges in the image correspond to the same part of the template contour within one detection
hypotheses. If two local matchings overlap too much on the template shape, the edge weight between the
two corresponding vertices is set to zero. This way both vertices cannot be part of the same detection
hypothesis.
To ﬁnd clusters in the graph, the following optimization problem has to be solved:
maximize f (x) = xT Ax
{
}
subject to x ∈ x ∈ RM ·K : x ≥ 0 and ∥x∥1 = 1
Here, M denotes the number of points of the template shape and A is the matrix containing the edge
weights. A cluster is deﬁned by a vector x that maximizes the above equation. All vertices v with > 0
belong to the cluster with xv being the v-th element of x. Details about the procedure and a proof that
the solution of the optimization problem deﬁnes clusters can be found in [13].
3.4.2 Evaluation of Detection Hypothesis The detection hypothesis found with the procedure
above may vary in their quality. Not all may actually be similar enough to the template model and some
parts of the template shape may be missing in the partial matches. To evaluate and score a detection
hypothesis, the template object is transformed into the image based on the transformation that is induced
by the partial matches of the detection hypothesis. Each detection hypothesis consists of a set of partial
matches that establish a correspondence between points of the template contour and image edge points.
These correspondences deﬁne an aﬃne transformation between template contour points and image points.
However, not all points in the template contour belong to a match and thus have no corresponding image
points. The subset of template points that have a matching with an edge point are denoted Ma . All
other template points are denoted Mb . The transformation that is deﬁned by mapping the points in Ma
to their corresponding edge points is denoted T (x). The task is to extend T (x) to include the points in
Mb .
The general idea is to estimate the transformation of a point x ∈ Mb by close points N (x) that are in
Ma . Close means no spacial distance but the connection of points. The reason for this deﬁnition is that
points that are connected are likely to have the same aﬃne transformation. The transformation for x is
chosen in a way that the accumulated square distance to the transformed points of N (x) is minimized.
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Based on this transformation each detection hypothesis is assigned a score and all hypothesis are
ranked. The score or conﬁdence of a hypothesis is build from two aspects:
S(T (M)) = Ψ (M, T (M)) · Ψ (T (M), T ′ (M))

(2.9)

The ﬁrst part measures how well the original template shape corresponds to the transformed one. The
second part measures if the transformed image corresponds with the edges in the image. The points in
Ma all have corresponding edge points Ea . For all points in Mb it is tried to ﬁnd corresponding edge
points based on T (x). Therefore the tangent direction is computed for all edge points and for all points in
T (x) with x ∈ Mb . Based on the position and the tangent direction for each transformed point x ∈ Mb
the closest edge point is found. T ′ (M) contains all these closest edge points together with the points in
Ea .
3.5

Experimental Results
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Abb. 2.6: Comparision of detection results for the ETHZ data set (from [1]).
Ma et al. compared their approach to object detection with four other approaches: Lu et al. [10] from
2009, Felzenszwalb et al. [8] from 2008, Maji et al. [11] from 2009 and Srinivasan [14] from 2010. As test
data, the ETHZ data set [9] is used which consists of 255 images that contain ﬁve diﬀerent classes of
objects: swans, giraﬀes, bottles, mugs and the Apple logo. The template objects for the algorithm of Ma
et al. were speciﬁed in two diﬀerent ways. First a hand drawn image was used for all ﬁve object classes.
In a second run for each class the ﬁrst half of the images that contain an object of the class is used for
training. The outlines of the objects in the images were used to obtain several template shapes for each
class. The second half of the images is then used to test the object detection algorithm. Figure 2.6 and
table 1 show the result of the comparison. Results are given as ratio of detection rate to false positive per
image (FPPI). The detection rate speciﬁes the relative number of objects that were detected. To decide
if an object is detected correctly, the bounding boxes of the object detected by the algorithm and the
bounding box of the object in the image are compared. If the intersection of both bounding boxes over
the union of the bounding boxes is greater than 50%, a detection is considered as correct. A false positive
occurs when an algorithm detects an object at a position were actually no object is present. The FPPI is
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Ma et al. [1]
Srinivasan et al. [14]
Maji et al. [11]
Felzenszwalb et al. [8]
Lu et al. [10]

0.3 FPPI
Swan Apple Logo
100%
92%
100%
95%
88.2%
95%
58.8%
95%
93.8%
90%

0.4 FPPI
Swan Apple Logo
100%
92%
100%
95%
88.2%
95%
64.7%
95%
93.8%
90%

Tab. 1: The detection rate of some object classes for 0.3 and 0.4 false positives per image (data from [1]).

thus the average number of wrong detections per image. Usually object detection algorithms exhibit some
parameters that inﬂuence the tolerance of shape comparison. In section 3.3.1 the two parameters σ and
δ where used to control the tolerance of distance diﬀerences respectively the tolerance of tangent angel
diﬀerences. Raising both values leads to more detected objects. However, the number of false positives
rises as well.
The results indicate that the approach of Ma et al. performs fairly well compared to the other approaches. On some classes such as the mugs and giraﬀes other algorithms perform better whereas Ma et
al.’s approach gives the best results for the swan object class. Template shapes that have been learned
almost always outperform the hand drawn ones.

4

Global Contour Shape Matching

The publication “Object detection by Global Contour Shape” [2] presents a shape matching algorithm
based only on the outline of objects. The template shape consists only of the silhouette of an object. No
edges inside the object are considered and objects that have more than one closed contour cannot be
handled directly. The template shape can thus be seen as a deformed circle.
The contour of the template shape is approximated by a closed polygon where the vertices are sampled
from the contour. The shape descriptor is simply the sequence of tangent angles of this polygon. The
details of the shape descriptor are presented in section 4.1. The algorithm works with segmented images
in which multiple adjacent pixels are grouped together. These groups are called super-pixels and they are
also described by the shape descriptor. Segmentation is explained in section 4.2. The similarity between
the template shape and one or more super-pixels is computed by comparing the two shape descriptors.
Two parameters inﬂuence the similarity: stretching of vertices and tangent angle diﬀerence. The details
of the matching function which measures the similarity are given is section 4.3. The sets of super-pixel
that best match the template shape are found by +using a greedy search algorithm (section 4.4). This
chapter concludes with some experimental results of object detection in section 4.5.
4.1

Shape Descriptor
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Abb. 2.7: The process of creating a shape descriptor for an object. (a) The shape of the object as a
binary image. (b) The contour is approximated by 10 vertices together with their tangent vectors. (c)
The tangent vector of the ﬁrst vertex is aligned with the x-axis.
The shape descriptor must be able to describe the contour of an object. As noted above, edges inside
the object are not considered. The idea is to represent an object by the tangent angles of a ﬁxed number
of points sampled from the contour.

Contour based shape matching (for object detection and recognition)

29

Figure 2.7 illustrates the steps necessary to compute the shape descriptor. In ﬁgure 2.7(a) the object
(a hat) is represented as a binary image where the contour is deﬁned by the boundary pixels of the
hat. The ﬁrst step to compute the shape descriptor is to approximate the contour by a ﬁxed number
of vertices that are evenly distributed on the contour (ﬁgure 2.7(b)). Evenly distributed means that the
distance on the contour curve between two vertices is always the same. The polygon deﬁned by these
vertices approximates the contour. If the number of vertices is denoted by N , the set of vertices X is
deﬁned by X = {x(u), u = 0...N − 1}. To make the following deﬁnitions easier, an additional vertex x(N )
is deﬁned which is the same as the ﬁrst vertex: x(N ) = x(0). For each vertex x(u) the tangent vector ẋ(u)
is computed. The tangent vector is used to calculate the tangent angle, which is the angle between the
tangent and the x-axis. To make the shape descriptor independent from the rotation of the object in the
image, the tangent vector of the ﬁrst vertex is aligned with the x-axis (Figure 2.7(c)). This way, the tangent
angle belonging to the ﬁrst vertex is always zero. These normalized tangent angles are denoted by x′ (u)
and the shape descriptor X ′ is the sequence of all normalized tangent angles: X ′ = {x′ (u), u = 0...N − 1}.
To reduce the noise that the tangent angles may contain they are smoothed. For each tangent angle the
average of the tangent angle itself and the tangent angels of the neighbouring points is computed.
The shape descriptor deﬁned here is translation and scale invariant. It is translation invariant because
it does not contain any absolute positions but the relative positions between the vertices. It is scale
invariant because it uses a ﬁxed number of vertices. The number of vertices is equal no matter if the
object is large (i.e. contains many pixels) or small (i.e. contains few pixels) in the image. Later , when
comparing two shape descriptors, the choice of the ﬁrst vertex will change to make the comparison rotation
invariant.
4.2

Edge Detection

Abb. 2.8: An image (left) with a possible segmentation (right) [12]
To detect edges in the input image a segmentation algorithm is used instead of a “classical” edge
detection algorithm such as the one described in section 3.1. Image segmentation groups neighboring
pixels based on their similarity. The resulting groups are called segments or super-pixels. The similarity
of pixels can depend on diﬀerent factors such as color, intensity or texture. The goal of segmentation is to
group pixels together that belong to the same object. The result is a set of super-pixels that together cover
the whole image. Figure 2.8 shows an image and the result of segmentation. Each segment is separated
by a white border.
Image segmentation has the property that every segment is deﬁned by a closed contour. This makes
it particularly useful for the shape matching algorithm presented in this chapter which works exclusively
with closed contours. A segment or a set of adjacent segments can directly be described by the shape
descriptor deﬁned above. Moreover, image segmentation avoids the problem of spurious edges, wrongly
connected edges and edges that are not connected by mistake. However, image segmentation has some
problems on its own [12]. Under-segmentation describes the eﬀect, that one segment covers more than
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one object. An ideal segmentation would divide the segment into multiple smaller segments. The opposite
of under-segmentation is over-segmentation which describes the eﬀect that one object is covered by more
than one segment. The third problem, a hybrid between under-segmentation and over-segmentation, is
that one segment covers parts of multiple objects. The problem of over-segmentation is not a severe one
for the object detection algorithm presented in this chapter. Later multiple segments are “merged” and
the result is compared to the template shape (section 4.4).
The segmentation approach used in [2] is “Statistical Region Merging” presented in [12]. The segmentation algorithm is conﬁgured to rather produce over-segmentation than under-segmentation.
4.3

Matching Function

This section describes how two shape descriptors are compared. One shape descriptor deﬁnes the template
object and the other one deﬁnes one or more segments of the input image. To compare how well the contour
of one shape matches the contour of the other the authors of [2] use a technique called “nonlinear elastic
matching distance with stretch cost R” (N EMR ). N EMR matches two contours by associating the points
of one contour with the points of the other. The similarity of the contours then depends on two factors
or costs: a stretching factor that is inﬂuenced by the way the points are associated and a distance factor
that measures the diﬀerence of two associated points. The best matching is the one that minimizes both
factors and it deﬁnes how similar the two contours are.
The next sections explains the details of matching two contours. In section 4.3.2 the N EMR is described in general and section 4.3.3 contains a description of the variant used in [2].
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Abb. 2.9: Examples for the matching between two contours X = x(u) and Y = y(v) with three vertices
each. (a) shows a valid matching whereas (b) is an invalid matching.
4.3.1 Matching of Contours To be able to measure the similarity of two shapes they are ﬁrst
matched by associating the vertices of each shape with vertices of the other shape. Given two sets of
vertices X = {x(u)} and Y = {y(v)} with N vertices each, all vertices in X are matched to at least one
vertex in Y . It is possible that a vertex from one shape is associated with more than one vertex of the
other shape. However, it is important that the order of the vertices is maintained by the matching: There
is no i < j such that x(i) matches with a vertex y(i′ ) and x(j) matches with a vertex y(j ′ ) with i′ > j ′ [7].
Figure 2.9 show two examples of associations. The matching deﬁned in (a) is valid whereas the matching
in (b) is not valid: If x(1) is associated with y(2) then x(2) cannot be associated with y(1). If a matching
is visualized the way it is done in ﬁgure 2.9 there must not be any association arrows that cross.
A matching V between two contours X and Y is formally deﬁned by:
V(X, Y ) = {⟨ui ⇔ vi ⟩ , i = 1...KV } = {⟨0 ⇔ 0⟩ , ..., ⟨ui ⇔ vi ⟩ , ..., ⟨N ⇔ N ⟩} .

(2.10)
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KV is the number of associations between points (excluding ⟨N ⇔ N ⟩) and it holds that N ≤ KV ≤ 2N
if the matching is valid. The example in ﬁgure 2.9(a) can be formally deﬁned by:
V(X, Y ) = {⟨u1 ⇔ v1 ⟩ , ⟨u2 ⇔ v2 ⟩ , ⟨u3 ⇔ v3 ⟩ , ⟨u4 ⇔ v4 ⟩ , ⟨u5 ⇔ v5 ⟩ , ⟨u6 ⇔ v6 ⟩}
= {⟨0 ⇔ 0⟩ , ⟨1 ⇔ 0⟩ , ⟨1 ⇔ 1⟩ , ⟨1 ⇔ 2⟩ , ⟨2 ⇔ 3⟩ , ⟨3 ⇔ 3⟩} .
The above deﬁnition of V makes the assumption that the ﬁrst vertex of X always matches with the ﬁrst
vertex of Y . This is no real restriction because later the numbering of the vertices is shifted (see section
4.3.4).
4.3.2 Nonlinear Elastic Matching Distance with Stretch Cost R The N EMR measures the
distance or dissimilarity of two contours based on two factors: a stretching cost and a distance cost [7].
Both cost functions are deﬁned for a speciﬁc matching of the contours. The matching that minimizes the
sum of both costs deﬁnes the best matching and thus the distance of the two contours.
The stretching cost function measures the local stretching that is created by the matching. If each
vertex of a shape X is associated with exactly one vertex of a shape Y there is no stretching. Stretching
occurs when one vertex of X is associated with more than one vertex of Y and vice versa. An association
⟨ui ⇔ vi ⟩ is called a stretch-association if either ui−1 = ui ∧ vi−1 = vi − 1 or ui−1 = ui − 1 ∧ vi−1 = vi .
Informally a strech-association is an association where one of the vertices is also associated to a vertex
prior in the sequence. For example in ﬁgure 2.9(a) the association ⟨u2 ⇔ v2 ⟩ = ⟨1 ⇔ 0⟩ is a stretchassociation because of the association ⟨u1 ⇔ v1 ⟩ = ⟨0 ⇔ 0⟩ (u2−1 = u2 − 1 = 0 and v2−1 = v2 = 0). In
fact all associations but ⟨2 ⇔ 3⟩ are stretch-associations. The stretching cost function S assigns the cost
R to all stretching-associations and zero to all other associations:
{
R if (ui−1 = ui ∧ vi−1 = vi − 1) or (ui−1 = ui − 1 ∧ vi−1 = vi )
S(ui , vi ) =
(2.11)
0 else
This deﬁnition assumes that only valid matches are performed. R deﬁnes how much stretching is penalized
and should obviously be greater than zero.
The distance cost function D measures the dissimilarity of two associated points. With the shape
descriptor deﬁned above this would be the diﬀerence of the tangent angles. A simple choice whould be to
take the absolute value of the diﬀerence between the angles:
D(ui , vi ) = |x′ (ui ) − y ′ (vi )|

(2.12)

Other choices for D are to take the square or the cosine of the diﬀerence. In any way the distance is
higher the more the tangent angles diﬀer.
The cost for a matching V is the sum of both the stretching cost and the distance cost over all
associations:
cost(V) =

KV
∑

S(ui , vi ) +

i=1

KV
∑

D(ui , vi )

(2.13)

i=1

Of all possible matchings only the one with minimum cost (i.e. the highest similarity) is relevant. Finally
the deﬁnition of the N EMR is given by the following optimization problem:
N EMR (X, Y ) = min {cost(V)}
V

(2.14)

The above deﬁnition is not one hundred percent correct because in the last section one association was
ﬁxed for a match V. The ﬁrst vertex of X always matches with the ﬁrst vertex of Y . This issue can
be solved by shifting the numbering of the vertices of one contour. The N EMR is then deﬁned as the
minimum of all matches of all rotations. When the choice of the ﬁrst vertex changes by rotation, the
tangent angles need to be re-normalized so that the ﬁrst tangent again aligns with the x-axis and the
corresponding tangent angle is zero.
4.3.3 Stretching and Distance as Probabilities In [2] the cost of a matching is expressed by a
probability function that speciﬁes how likely it is that a certain matching is right. The problem of ﬁnding

32

Ludger Steens

the best matching is then solved by ﬁnding the matching with the highest probability. This problem can
be transformed to a N EMR equation.
Given a matching of two contours, the probability that an association between two points is right is
again divided into the two components local stretching and distance: P (ui ⇔ vi ) = PS (ui ⇔ vi )PD (ui ⇔
vi ). PS and PD are probability functions but they serve the same purpose as the corresponding functions
in the last section: they measure local stretching respectively tangent angle diﬀerence. The probability
function that accounts for stretching is deﬁned by:
PS (ui ⇔ vi ) =

1
e−S(ui ,vi )
1 + e−E

(2.15)

The deﬁnition for S(ui , vi ) is the same as the one in equation 2.11 except that the constant for the
stretching cost is called E instead of R. So E should be a positive number that deﬁnes how much
stretching is penalized. PS deﬁnes the probability for a matching based on the local stretching. If ⟨ui ⇔ vi ⟩
is a stretching-association then S(ui , vi ) = E and thus the probability PS is low. If ⟨ui ⇔ vi ⟩ is not a
stretching-association the probability PS is high.
The distance part of the probability that a matching between two points is right is deﬁned by:
PD (ui ⇔ vi ) =

1
1
e− B ·D(ui ,vi )
H(B)

(2.16)

The distance between points is again measured by the diﬀerence of the tangent angles and D(ui , vi ) can
be deﬁned as in equation 2.12. As stated in the last section there are multiple choices for D that change
the type of distribution that PD deﬁnes. For example:
• D(ui , vi ) = |x′ (ui ) − y ′ (vi )| creates a truncated Laplace distribution.
• D(ui , vi ) = (x′ (ui ) − y ′ (vi )) creates a truncated Gaussian distribution.
2

• D(ui , vi ) = 1 − cos (x′ (ui ) − y ′ (vi )) creates a von Mises distribution.
B speciﬁes the second moment of the distribution and H(B) is a constant that ensures that PS integrates
to 1 and thus actually represents a probability distribution. Later it can be seen that B actually inﬂuences
the penalty for stretching.
The probability that a whole matching is correct is given by the product over the probability of all
point associations:
P (V) =

KV
∏
i=1

PD (ui ⇔ vi )

KV
∏

PS (ui ⇔ vi )

(2.17)

i=1

What needs to be done, is to ﬁnd the matching with the highest probability, i.e. the best matching. This
can be done by computing the minimum of the function C(V) = −ln(P (V)). The logarithm is monotonically increasing and thus has no inﬂuence on the maximum of P (V). However, taking the logarithm
has the advantage that the products in P (V) turn into sums and the exponential functions inside PS and
PD are removed. By multiplying with minus one the maximization problem is turned to a minimization
problem. After a few transformations of C(V) the best matching is deﬁned by:
{K
}
V
∑
1
C̃(X, Y ) = min
D(ui , vi ) + 2(KV − N ) · B(Q + 2E)
(2.18)
V
2
i=1
(
)
with Q = −ln H(B)(1 + e−E )
This function has the form of a “nonlinear elastic matching distance with stretch cost R” with the stretchcost R = 12 B(Q+2E) (see equation 2.14). The reason that there is no summation over the stretching costs
of all point matches is that there are exactly 2(KV − N ) stretching-associations for a matching V. Imagine
a matching with N associations (i.e. KV = N ). There are obviously no stretching-associations. Each
association that is added to that matching creates exactly two stretching-associations. Non stretchingassociations can be ignored because they have zero stretching cost.
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I nput: Shape descriptors {x′ (u)} and {y′ (v)}
Output: ShapeDistance
allocate DN ×N , R N ×N ;
/ / comput e ver t ex di ssi mi l ar i t i es
for i = 0 to N do
for j = 0 to N do
di,j ← D(ui , vi ) ;
end
end
/ / comput e cumul at i ve mat chi ng cost
r 0,0 ← d0,0 ;
for i = 1 to N do
r i,0 ← r i−1,0 + di,0 + R ;
r 0,i ← r 0,i−1 + d0,i + R ;
end
for i = 1 to N do
for j = 1 to N do
h10 ← r i−1,j + R ;
h01 ← r i,j −1 + R ;
h11 ← r i−1,j −1 ;
r i,j ← min(h10, h01, h11) + di,j ;
end
end
ShapeDistance ← r N ,N ;

Abb. 2.10: Algorithm to compute the matching with the lowest cost via dynamic programming (from
[2]).
4.3.4 Solving the Nonlinear Elastic Matching function To solve the optimization problem deﬁned by the N EMR equation mentioned above, the problem can be converted to a path-search problem
on a directed graph. Dynamic programming is then used to solve the path-search problem. Figure 2.10
shows the algorithm that is used.
Each vertex of the directed graph corresponds to an association ⟨ui ⇔ vi ⟩ of two points from the
contours. Assuming that the ﬁrst point of the template contour matches with the ﬁrst point of the contour
in the image, the task is to ﬁnd the path with the lowest cumulative cost from ⟨0 ⇔ 0⟩ to ⟨N ⇔ N ⟩. To
calculate the cost of a path, there are two aspects to consider: the distance cost and the stretching cost.
The distance cost, which measures the tangent angle diﬀerence, can be computed separately for each
point association. It can thus be attached directly to a vertex of the graph. In ﬁgure 2.10 the dissimilarity
matrix D contains the distances for all possible point associations.
To calculate the stretching cost from one vertex to another, there are three cases to consider. From a
vertex ⟨i ⇔ j⟩ that matches the points i and j there are the following continuations possible:
1. Associate the points i + 1 and j + 1. This obviously causes no stretching.
2. Associate the points i and j + 1. This creates a stretching-association, because the second contour
is locally stretched.
3. Associate the points i + 1 and j. This creates a stretching-association, because the ﬁrst contour is
locally stretched.
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N EMR
Ferrari et al. [9]
Chamfer

Swan
94%
73%
15%

0.2 FPPI
Apple Logo
86 %
52%
26%

Average
89%
61%
21%

Swan
97%
94%
24%

0.4 FPPI
Apple Logo
88%
73%
30%

Average
92%
82%
28%

Tab. 2: The detection rate of some object classes for 0.2 and 0.4 false positives per image (data from [2]).

In the last two cases the stretching cost R needs to be added to the path. In ﬁgure 2.10 the variables
h10 , h01 and h11 are used to calculate the cost for the three cases. The matrix R is used to iteratively
compute the lowest cumulative cost for all paths from ⟨0 ⇔ 0⟩ to ⟨N ⇔ N ⟩. The computation of R follows
the standard approach of dynamic programming: R is computed from top to bottom and the element
rij contains the lowest possible cost from the vertex ⟨0 ⇔ 0⟩ to the vertex ⟨i ⇔ j⟩ and at the end rN N
contains the lowest possible cost for the whole path. To get rid of the assumption that the ﬁrst points of
both contours must match, an additional loop has to be added to the algorithm, which rotates the indices
of the points for one contour.
It can be observed that the algorithm has a time complexity of O(N 2 ) because of the two nested loops
that compute the cumulative matching cost matrix R. If the loop for the rotation of the indices is added,
the complexity is in O(N 3 ). It is thus important that the number of sample points is not too high.
4.4

Finding the best matching Contours in the Segmented Image

In the last section a way to compute the similarity of two contours was presented. One contour belongs
to the template shape and the other one has to be from the segmented image. Remember that a segment
or super-pixel is deﬁned by a closed contour. The template shape can thus be compared not only to one
super-pixel but also to a group of neighboring super-pixels that have a closed contour together.
A simple approach to ﬁnd matching contours in the image would be to compare the template shape
to each element of the combinatorial set of super-pixels. Since the cardinality of this set rises rapidly
with the number of super-pixels, this approach is not feasible in practice. In [2] a greedy method is used
to ﬁnd groups of super-pixels with a good matching. Figure 2.11 shows the algorithm that is used. Each
super-pixel is successively chosen as the start point for the search and selected as an object candidate.
Starting with one super-pixel, the group of super-pixels that represent an object candidate is iteratively
increased as long as the distance to the template object can be minimized. In each step all neighboring
super-pixels are merged in turn to the candidate object and the one that most decreases the distance to
the template object is added to the group. If no neighboring super-pixel can be found that can be used
to decrease the distance, the search stops. To compare contours, the N EMR function is used, which is
deﬁned by the algorithm in ﬁgure 2.10. In a last step, all candidates are compared and if two candidates
are found that overlap more than a speciﬁc threshold, the one with the greater distance is removed. This
ensures that there are no two candidates that actually represent the same object.
The greedy approach has a number of advantages: it is fast and requires no parameter tuning since it
does not depend on speciﬁc properties of the template object or the image. However, the big disadvantage
is that it only ﬁnds local minima. If the distance to the template object can be reduced by adding two
neighboring super-pixel simultaneously but not successively, the algorithm will not recognize this.
4.5

Experimental Results

Schindler et al. tested the object detection algorithm presented in this chapter with diﬀerent sets of
images and classes of objects. Table 2 lists the result achieved with the ETHZ data set [9]. N EMR
denotes the approach of Schindler et al. which is compared to Ferrari et al.’s approach [9] from 2006
and Chamfer matching, which is a fairly old method for object detection. The template object is deﬁned
by a hand drawn sketch for each class. A comparison to the results in section 3.5 indicate that the
approach of Ma et al. performs better than the approach of Schindler et al. However, a direct comparison
of experimental values is always diﬃcult because slight changes in the test procedure can lead to diﬀerent
results. For example the quality of the hand drawn template object clearly inﬂuences the detection quality.
Furthermore, Schindler et al. use a slightly diﬀerent deﬁnition of object detection. Again the bounding box
of the object detected by the algorithm and the bounding box of the object in the image are compared.
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I nput: object template, list of super-pixels, detection threshold, overlap threshold
Output: detected objects
foreach SuperP ixel do
/ / gr eedi l y maxi mi se si mi l ar i t y
set object candidate: Candidate ← SuperP ixel ;
set Distance ← N E M R (Candidate, T emplate) ;
while Distance decreases do
set N eighbours ← adjacent Super-pixels of Candidate ;
foreach N eighbour do
compute N E M R (Candidate∪ N eighbour, T emplate) ;
end
ﬁnd N eighbour i which most decreases the Distance ;
set Candidate ← Candidate∪ N eighbour i ;
end
/ / onl y keep candi dat e i f si mi l ar i t y i s hi gh
if N E M R (Candidate, T emplate) > DetectionT hreshold then
delete Candidate ;
end
end
/ / non- mi ni ma suppr essi on i n candi dat e l i st
sort Candidates in descending order of Distance ;
for i = 1 to #Candidates do
for j = i + 1 to #Candidates do
if Overlap(Candidatei , Candidatej ) > OverlapT hreshold then
remove Candidatej ;
end
end
end
/ / r et ur n det ect ed obj ect s
Detections ← Candidates ;

Abb. 2.11: Algorithm to ﬁnd the best matching contours in a segmented image (from [2]).
An object is detected, if the area of the intersection of both bounding boxes divided by the area of the
larger bounding box is greater than 20%.

Abb. 2.12: The template shape of a swan (left) and and a false object detection with this template shape
(from [2] with changes).

Abb. 2.13: Two cases where image segmentation fails due to low contrast (from [2])
There are several reasons why object detection may fail with the algorithm presented in this chapter.
Schindler et al. listed three of the most common problems. Since their approach is based on global
matching, the whole contour of the template object is compared with the edges in the image at once.
This leads to problems if only part of the object is visible. Usually such objects are not detected by
the algorithm. In addition to that the elastic matching procedure allows some deformations that are
implausible. Figure 2.12 shows a case where a swan was detected although the contour in the image is
clearly diﬀerent from to the template contour. A severe problem for the algorithm are images that cannot
be segmented correctly. Figure 2.13 shows two cases where the segmentation fails due to low image
contrast. Large parts of the object contour are missing and the object detection algorithm is unable to
locate the objects.

5

Comparison and Evaluation

In this report two approaches for shape matching were presented: “From Partial Shape Matching through
Local Deformation to Robust Global Shape Similarity for Object Detection” by Ma et al. and “Object
Detection by Global Contour Shape” by Schindler et al. Both approaches seem to perform well based
on the experimental results the authors provided. However, they diﬀer strongly in detail which leads to
certain advantages and disadvantages for each of them.
Clearly the main diﬀerence is the restrictions that they impose on the template shapes. The algorithm
by Schindler et al. is only capable of handling template shapes consisting of the silhouette of an object
whereas Ma et al.’s approach can handle all kinds of shapes. Not all shapes are clearly deﬁned by their
silhouette. For example the shape of the letter “B ” can only be described by taking into account the two
holes inside of it. Ma et al.’s approach is more ﬂexible by allowing template objects that consist just of
a bunch of points that may be connected.
One main drawback of Ma et al.’s shape descriptor and matching function is the fact that the matching
is not rotation invariant. Thus objects that have a diﬀerent rotation compared to the template object
cannot be detected. This advantage can be compensated by using multiple template objects with diﬀerent
rotations. However, this clearly increases the runtime of the algorithm which makes it unusable for large
sets of images such as the one presented in the case study in section 2.2. A more intelligent approach
would be to ﬁrst align edge fragments before computing the shape descriptor to compare them. Schinder
et al.’s matching is rotation invariant and both approaches are translation and scale invariant.
Ma et al.’s approach is based on partial matching which leads to several advantages. If an object is
only partly visible because of occlusion or because only part of the object is contained in the image, partial
matching is still able to detect the object whereas the global matching of Schinder et al. has diﬃculties
with these kinds of objects. In addition to that the transformation deﬁned in section 3.4.2 can be used to
complete objects with missing parts by transforming the template shape into the image. Partial matching
is also useful in some applications such as the image retrieval system described in section 2.2.
Regarding the performance, both works do not contain any information about the computational
complexity of the algorithms. When detecting objects in a large set of images, runtime may be a critical
factor. Schindler et al. report that their detection process takes on average 6.5 seconds for an average
image size of 480x320 pixels and 13.9 seconds for an average image size of 640x480 pixels for speciﬁc test
data.
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Zusammenfassung
This seminar paper gives a short introduction into computational stereo vision systems. Stereo vision
systems are extracting depth informations out of two diﬀerent images. This paper describes two diﬀerent
state of the art systems with near-realtime performance to give an impression of diﬀerent approaches for
extracting the depth information. The ﬁrst system is the current top performer of the Middlebury stereo
vision benchmark and the second one is a generic ﬁlter based framework. Furthermore this paper will
shortly describe a few medical applications to show the variety of diﬀerent possible application areas in
medical practice.
Keywords: Stereo Vision, Near-Realtime, Depth-Information, Medical Applications

1

Introduction

Stereo vision is the process of extracting depth information out of two images. Like the eyes in human
vision, two camera-objectives which are placed next to each other capture the same scene at the same
time. The resulting two half images show the same scene but in two diﬀerent angles (see Figure 3.1).

Abb. 3.1: Two cameras are each taking a picture out of two diﬀerent angles [1]

Here are the two cameras Ca and Cb connected with a line. This is called the baseline. The points
where the baseline intersects the images are called the epipoles. The lines which connect the epipoles
with the image-points of an object in the scene are called the epipolar lines. Depending on the distance of
the objects in the scene to the cameras, its projections on the half images are shifted along the epipolar
lines. This distance between the corresponding image-points in both images along the epipolar line is
called disparity. The disparity is high, if the object is close to the cameras and low if the object is far
away. From now on we will only consider rectiﬁed images. Rectiﬁed images are post processed images in
which vertical disparities have been removed. In order to do this, they are transformed in a way that the
epipolar lines of the two images are parallel to the x-axis (shown in Figure 3.2). Now the disparity can
be calculated as the diﬀerence of the x-coordinates of both image-points.

Abb. 3.2: Two rectiﬁed images with parallel epipolar lines to remove vertical disparities [1]
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In order to get depth information out of these two half images it is helpful to compute the disparities.
After that, it is possible to create one spatial image (disparity map) out of these disparities to show depth
information. Here the brightness of the objects shows the relative distance (see Figure 3.3).

(a)

(b)

(c)

Abb. 3.3: Dataset tsukuba from the Middlebury dataset [2] with (a) left, (b) right half-image and (c)
corresponding disparity map (based on the left image)

To calculate the disparities in computational stereo vision it must be computed ﬁrst, which pixels
belong together. This is called the correspondence problem. Here the rectiﬁed images simplify the correspondence problem enormously because corresponding pixels can only be in the same pixel row. However,
the correspondence problem is the major problem in computational stereo vision.
According to Scharstein et al. [2], general stereo vision systems usually follow a certain pattern to
handle this correspondence problem and calculate the disparity map:
• Matching Cost Computation:
This is the initialization step. To ﬁnd two corresponding pixels a similarity measure called the costs
is deﬁned. A simple example for a cost measure would be the color diﬀerence. The costs indicate
the correspondence quality of two pixels - the lower the costs, the better they are matching. In this
initialization step each pixel gets a cost value for each possible corresponding pixel.
• Cost Aggregation:
The lowest initial costs of two pixels are no reliable indication that they belong together. To get more
reliable costs it is better to use context to context mapping instead of pixel to pixel comparison. To
obtain this, the pixels in the surrounding area are included if they are belong to same object. The
disparities of that context are aggregated and normalized by the size of the support region.
• Disparity Computation and Optimization:
This is the actual matching step. In this step the disparity results are created and optimized by
using the cost values. After this step each pixel has its ﬁnal disparity and a disparity map can be
created.
• Reﬁnement:
Here the disparities are improved to get a smoother image. This can be obtained by removing
discontinuities in the disparity map.
Although stereo correspondence is one of the most investigated topics in computer vision [2] there are
still challenges such as the balance between accuracy and eﬃciency. On the one hand the stereo vision
systems should create very accurate results which often result in complicated and expansive algorithms.
On the other hand they should compute the results very fast - in best case with near-realtime performance.
For example the implementation with CUDA (Nvidia programming interface) can achieve very eﬃcient
systems because a graphic card can process tasks with high parallelism much faster than a CPU. However,
not all accurate algorithms are parallizable. In these cases, there is a trade-oﬀ between computation
performance and accuracy.
Another problem is the occurrence of ambiguities. If there is for example a large texture-less region with
many pixels of the similar color, the matching costs are similar if they are depending on the color diﬀerence.
Therefore many disparities have low costs and it is diﬃcult to identify the correct correspondence.
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Furthermore, every time an objects is placed behind another one it comes to occlusions. Because of
the two diﬀerent angles of the cameras a part of the scene is visible from the angle of the ﬁrst camera
and occluded from the angle of the second camera. In these cases there is no corresponding pixels in the
second image.
These are challenges a good stereo vision framework has to handle.
In the following chapters I want to give a short introduction in state of the art computational stereo
vision systems with near-realtime performance. For this purpose I will describe two diﬀerent frameworks:
The ﬁrst one is a very accurate framework created by Mei et al. [3] using an AD-Census distance measure
with cross-based cost aggregation and scanline optimization. The second one is a generic and simple
ﬁlter-based solution by Rhemann et al. [4].

2

AD-Census

In this chapter I will present a state of the art stereo vision framework by Mei et al. [3]. This framework is
a collection of several steps, designed to be suitable for graphics hardware with near-realtime performance.
According to Scharstein the framework can be split up into the following steps:
• Matching Cost Computation
Two diﬀerent cost measures are combined: the absolute diﬀerence (AD) and the census cost measure.
Mei et al. combine these two models to consider both the color intensity (absolute diﬀerence) and
the structure of surrounding pixels (census) for the matching process.
• Cost Aggregation:
The initial costs are aggregated for each pixel including a local context to reduce the ambiguities
and noise in the ﬁrst cost volume. The aim is to get as much context of the same object as possible.
For this purpose the authors use a cross-based cost aggregation algorithm that allows a ﬂexible
support region for each pixel. In this way the environment is not deﬁned by a ﬁxed window, it
is a variable support region trying to adapt to the object of that pixel. Here the assumption is
that pixels of the same object have a similar color. This aggregation achieves a context to context
mapping instead of pixel to pixel correspondence.
• Disparity Computation and Optimization:
In this step the disparities for each pixel are computed based on the aggregated cost volume. For
that the authors are using a scanline optimization process. This process creates a smoothed disparity
image by penalizing neighbours with disparity changes along horizontal and vertical scanlines and
is based on dynamic programming. In that way the resulting disparity map contains less noise and
looks smoother.
• Reﬁnement:
In the post processing step Mei et al. implemented a multi-step disparity reﬁnement to improve the
previous created disparity results by outlier handling.
2.1

AD-Census Cost Initialization

To match the pixels within the left and right images Mei et al. create a cost volume C that maps a pixel
p = (x, y) and a disparity d to a cost value C(p, d). Based on the assumption that objects can only be
shifted horizontally, the costs C(p, d) evaluate how well a pixel p in the left and a pixel pd = (x − d, y) in
the right half image are matching. A lower cost value C(p, d) means a high probability that these pixels
correspond. This framework combines two diﬀerent measures for cost initialization CAD and CCensus .
• Absolute Diﬀerence:
The absolute diﬀerence cost volume CAD computes the costs by comparing the color of two pixels
p and pd assuming corresponding pixels in the two images should have nearly the same color. Due
to lightning eﬀects exactly the same color can not be expected. Therefore CAD is deﬁned as the
average color diﬀerence in the RGB channels:
∑
1
|Lef tImagei (p) − RightImagei (pd)|
(3.1)
CAD (p, d) =
3
i∈{R,G,B}
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• Census:
The census cost measure evaluates the matching costs p and pd by comparing the local structure
of surrounding pixels in a small window. In order to be able to encode the structures of p and
pd in two 64-bit strings the authors use a window of the size 9 × 7 (=63 bits). The census costs
CCensus (p, d) are deﬁned as the Hamming distance of these two bit strings. The Hamming distance
measures the diﬀerence of two strings by comparing the character on each position and is deﬁned
as the number of diﬀerent meanderings. For two bit-strings the Hamming distance can be easily
computed by counting the 1 bits after a xor operation. A possible encoding for the local structure
would be this: The pixels in the window are numbered. This number is the position in the bit string
where the pixel is encoded. If a pixel has a lower intensity than p, its position in the bit string is 1
and 0 otherwise. Figure 3.4 demonstrates the idea in a smaller 3 × 3 window.

1
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4
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5

4 pd 5

6

7

8

6

7

3

8

Abb. 3.4: The local structures of p and pd could be encoded as Enp =“1 1 1 1 0 1 0 0” and
Enpd =“1 0 0 1 0 1 0 0”. The result of the xor operation is “0 1 1 0 0 0 0 0 ” and the Hamming distance equals
2.

The AD-Census combined cost volume C is then computed as:
C(p, d) = ρ(CCensus (p, d), λCensus ) + ρ(CAD (p, d), λAD )

(3.2)

where ρ is a normalization function that maps the diﬀerent cost measures to a range of [0,1] and limits
the inﬂuence of outliers by the parameter λ . In order to do that, ρ does not consider outliers with higher
costs than the thresholds λCensus and λAD . The idea of this combination is to reduce the disadvantages
of the single methods and the resulting mismatches. The AD method can not handle large textureless
regions because the color intensities are similar in these areas. The Census method instead is problematic
for repetitive local structures because it cannot diﬀerentiate between objects with similar structures. The
combination of them can consider both, the structure and the color and reduce the total mismatches (see
Figure 3.5).

Abb. 3.5: Resulting errors by [3] of repetitive structures and textureless regions (after cross-based aggregation)
Because each of these steps is independent from the costs of other pixels, it should be noticed that
these initialization steps can be performed in parallel for each pixel and each disparity.
2.2

Cross-based Cost Aggregation

The previously computed cost volume can contain matching ambiguities and noise. To reduce them Mei
et al. use an improved version of cross-based cost aggregation proposed by Zhang et al. [5]. This method
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wants to aggregate as much context as possible, but only of the same object. For this purpose a variable
support region is created for each pixel that includes the neighbouring pixels with similar color. The
advantage of a ﬂexible support region is that it can adapt to the environment and the shapes of the scene
(shown in Figure 3.6) instead of having a constant size. For example the support region of a pixel within
many similar colored pixels is much bigger than the support region of a pixel neighboured with only a
few similar colored pixels.

(a)

(b)

(c)

Abb. 3.6: The support region of pixel p adapted to the object [5]: (a) original image, (b) created cross
at pixel p and (c) resulting support region. Here can be seen that the left and upper arms stop at
color-changes and the right and bottom arms stop when distance threshold L1 is reached.

• Creating the support region:
To create the support region every pixel p gets a left, right, upper and bottom arm (shown in
Figure 3.7(a)), which are forming a cross. Each arm of the cross has ﬂexible length. To get a
support region with similar colored neighboured pixels, the arm will include each pixel p1 in that
direction until a pixel is reached that does not fulﬁll one of these criteria:
1. The color of p1 diﬀers from p by less than color diﬀerence threshold τ1 .
That means that only pixels with a similar color are included. Here the color diﬀerence is
deﬁned by maxi∈{R,G,B} |Ii (p1 ) − Ii (p)|.
2. The color diﬀers from p1 ‘s predecessor (on that arm) by less than τ1 .
This criterium avoids that the arm runs across the edges of the image.
3. The distance |p1 − p| is less than the distance threshold L1 .
This criterium limits the maximum length of the arms.
4. If the distance |p1 − p| is more than L2 the color diﬀerence from p must be less than τ2 .
That means long arms are only allowed if the color diﬀerence is very small. Here τ2 is a much
stricter threshold and L2 < L1 .
With the similar proceeding each pixel on the vertical arm of p (q for example) creates its horizontal
arms. All pixels included in the arms result in the support region of p.
• Aggregating the Costs:
Now the aim is to deﬁne the costs for matching the context of p to the context of pd. Therefore
the costs for disparity d are aggregated for all pixels which are in the support reagion of p and its
corresponding pixel is in the support region of pixel pd. To eﬃciently sum up the costs of all pixels
within the support region, the costs of all pixels are summed up horizontally and then vertically
(shown in Figure 3.7(b)). Therefore 1 D integral images can be used. In that way the stored sums
can be reused to calculate the sums - instead of calculating the same costs many times. These
aggregated costs are normalized by the size of the support region and result in the ﬁnal costs of
pixel p for the disparity d.
To obtain better aggregation costs Mei et al. repeat this aggregation by four iterations. That means the
aggregated costs of the previous aggregation are used as new initial costs for the next iteration. But in
the second and forth iteration the iteration directions are switched. That means they ﬁrst calculate and
sum up the vertical arms (on the horizontal arms of p) and then aggregated them horizontally. This leads
to a diﬀerent support region in the second and fourth iteration.
Thus they computed an improved cost volume (called C1 ) containing the aggregated costs. These
costs are smoother and contains less outliers.
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(a) Cross Construction

(b) Cross Aggregation

Abb. 3.7: Cross-based cost aggregation scheme by [3]

2.3

Scanline Optimization

This is the real matching process taking the previous created cost volume C1 to compute the resulting
disparities. Pixel-wise cost calculation even with aggregated costs is generally ambiguous and wrong
matches can easily have lower costs than correct ones [6]. Therefore a scanline optimization method
based on Hirschmüller’s semi-global matcher [6] with smoothness constraints will perform this step to
create a smoother image by penalizing changes of neighbouring disparities.
The idea is to deﬁne a function which sums up the costs for all disparities in a disparity image, adding
penalties for disparity changes. Now a smooth disparity image can be calculated by ﬁnding the image
which minimizes the costs.
But because this problem is NP-complete [7], Hirschmüller simpliﬁes this by minimizing the costs along
individual scanline directions r to pixel p. The simpliﬁed problem can be calculated in polynomial time
because it is only one-dimensional and only smooths the disparities along one direction. This minimization
is done via dynamic programming for each direction vector r:
Cr (p, d)

=

C1 (p, d)
+ min(Cr (p − r, d), Cr (p − r, d ± 1) + P1 , min Cr (p − r, k) + P2 )

(3.3)
(3.4)

− min Cr (p − r, k)

(3.5)

k

k

Here P1 , P2 are the penalizing parameters with P1 ≤ P2 , which are set depending on the color diﬀerence
of the left and right half images.
This function implies three parts:
Term 3.3: Adding the costs of the previous cost volume
Term 3.4: Adding the minimal costs over the previous pixel in that direction with:
• the same disparity
• nearly the same disparity (±1) penalized by P1
• the minimum of all disparities heavily penalized by P2
Term 3.5: Subtracting the minimum of all disparities. This does not change the result of the minimal
path because it is equal for all disparities and should just slow down the growth.
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Unlike Hirschmüller, Mei et al. only use four scanline directions (two horizontal and two vertical ones).
At the end the ﬁnal cost volume C2 can be computed at the average of the scanline costs:
C2 (p, d) =

1∑
Cr (p, d)
4 r

(3.6)

Finally the disparity with the minimal costs is selected for the disparity image D:
D(p) = arg min C2 (p, d)
d

2.4

(3.7)

Multi-Step Disparity Reﬁnement

For the post-processing Mei et al. use a multi-step disparity reﬁnement which tries to handle outliers
contained in the disparity image in four steps. In fact the disparity map is not only computed once. For
outlier detection this computation is done twice: one time from the left to the right half image with the
resulting disparity map DL . And one time from the right to the left half image with the resulting disparity
map DR . To detect the outliers they compare the left and right disparity map. p is detected as outlier, if
DL (p) ̸= DR (p − (DL (p), 0))

(3.8)

This means the algorithm computes diﬀerent disparities for corresponding pixels and therefore the disparities are not consistent. Additionally the authors diﬀerentiate between occlusions and mismatches. This
is done by comparing the epipolar-line ep (d) = (xp − d, py of an outlier with DR (p). If the two functions
intersect, the outlier is marked as occlusion. Otherwise the outlier is marked as mismatch.
The detected outliers pout are handled by the following four consecutive steps:
1. Iterative Region Voting:
Here the support region of the previous cost aggregation step is reused to “vote” for a disparity of
pixel pout . If there are enough reliable votes (votes of non-outlier pixels), pixel pout gets the most
frequent disparity d∗ in its support region and is not marked as outlier any more.
2. Interpolation:
If pout is an occlusion, the nearest reliable pixel with the lowest disparity is selected for interpolation,
because pout is probably occluded by this pixel. If pout is a mismatch, the pixel with the lowest color
diﬀerence is selected instead.
3. Depth Discontinuity:
First all edges in the disparity image are detected. If D(p) is on a disparity edge, we compare it
with one pixel p1 on the one and p2 on the other side of the edge. If one of them has lower matching
costs than p, D(p) is replaced by D(p1 ) or D(p2 ).
4. Sub-pixel Enhancement:
In this last reﬁnement step the outliers caused by discrete disparity levels are handled. The problem
is that the disparity is discrete in the disparity map but can be continuous in reality. To handle this
problem a quadratic polynomial interpolation is used to calculate a disparity between d + 1 and
d − 1. Afterwards a 3 × 3 median ﬁlter is used to get the ﬁnal disparities.
As you can see, this framework is performing a lot of diﬀerent steps. Here complex aggregation and
optimization methods are used to calculate the disparity map. Afterwards a multi step reﬁnement process
optimized for stereo vision is used to improve the disparity map. With the next framework, I will show
a more general framework which only uses a general ﬁltering process and less reﬁnement steps.

3

Fast Cost-Volume Filtering

In this chapter I will present the state of the art stereo vision framework by Rhemann et al. [4]. This
framework is based on a ﬁltering process which can be additionally applied to many diﬀerent computer
vision tasks such as optical ﬂow and image segmentation. The four steps of Scharsteins schema are realized
in the following way:
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• Matching Cost Computation:
In this ﬁlter based framework, the cost initialization is obtained by the truncated absolute diﬀerence
cost model.
• Cost Aggregation:
For cost aggregation (which is the central point of this framework) they use a ﬁltering process which
can smooth the disparity image but preserves the edges of the reference image (see Figure 3.8). For
this purpose they applied a ﬁlter proposed by He et al. [8].
• Disparity Computation and Optimization:
After that the cost computation is obtained in a simple winner-takes-all manner by taking the
disparities with the lowest costs for each pixel.
• Reﬁnement:
In the reﬁnement process they implemented two steps. First they replace the occluded pixels by the
spatially closest non-occluded pixels. After that they remove artifacts (which can unintentional be
generated in this previous step) by a median ﬁlter.

(a)
(b)
(c)
(d)
Abb. 3.8: This graphics [4] show diﬀerent cost volumes of the pixels at the green line. Here are the
guidance image (a), the cost volume (b) with (white/black/red : hight/low/lowest costs), a smoothed
cost volume (c) and a smoothed and edge preserved cost volume ﬁltered by the guided ﬁlter (d)

Even though the proposed method can be implemented on a CPU eﬃciently, the authors decided to
create a GPU based framework to reach even better performance.
3.1

Cost Initialization

For the initial cost volume C(p, d) Rhemann et al. adopt a cost model which considers the absolute
diﬀerence of the color (similar to Mei et al. cf. equation 3.2) and the gradient at the matching points.
Their initial cost value is deﬁned by:
C(p, d)

=

′
(1 − α) · min(∥Ip − Ipd
∥, λ1 ) +
′
α · min(∥∇x Ip − ∇x Ipd ∥, λ2 )

(3.9)

with the truncation thresholds λ1 and λ2 . Here Ip is a 3 × 1 color vector of the one half image at
′
the color vector of the other half image at the position p shifted by d. ∇x is the gradient
position p and Ipd
in x-direction and α a parameter to inﬂuence the balancing of color and gradient diﬀerence.
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3.2

Cost-Volume Filtering

The ﬁlter process is the central point of this framework and the second step in Scharsteins schema. Here
the previously created cost volume C(p, d) is divided into slices for each disparity d. Each of these slices
is ﬁltered by a ﬁlter proposed by He et al. [8]. This is the aggregation step. Here the costs of pixel p at
disparity d are aggregated with the costs of all pixels q in the same slice (with the same disparity d in the
cost volume) depending on their weights wp,q . This aggregation of each slice leads to a smoother image.
∑
C ′ (p, d) =
wp,q · C(q, d)
(3.10)
q

With a guided ﬁlter it is possible to preserve the edges in the original image while smoothing. This is
obtained by the weights wp,q . To understand the idea I will explain how it works with gray-scale images
ﬁrst. Here the weights are deﬁned as the sum of all square windows that includes p and q:
wp,q =

1
|w|2

∑
k:(p,q)∈wk

(1 +

(Ip − µk )(Iq − µk )
).
σk2 + ϵ

(3.11)

Here µk is the mean, σk the variance, Ip and Iq are the gray scales of pixel p and q. Furthermore wk is a
square window w with the center pixel k, |w| is the number of pixels in w and ϵ is a smoothing parameter.
Hereby the edge-preserving is obtained by the sign of the numerator. If p and q are on the same side of
an edge, (Ip − µk ) and (Iq − µk ) have the same sign. Thus their product and the numerator are positive. If
they are on diﬀerent sides of an edge, they have got diﬀerent signs and the numerator is negative. Hence,
(I −µ )(I −µ )
the term (1 + p σk2 +ϵq k ) is large if p and q are on the same side of an edge and their weight wp,q
k
is high. The term and the weight wp,q are low if they are on diﬀerent sides. Through this approach the
aggregation in (3.10) takes only an average of the pixels on the same side of an edge (in the guidance
image) whilst the pixels separated by an edge are nearly disregarded. The amount of smoothing can be
inﬂuenced by the smoothing parameter ϵ. If the smoothing parameter is high, the denominator is high
and the absolute value of the fraction is lower. This leads to more similar weights and a higher amount
of smoothing with less edge-preserving. Similarly to the grey-scale image weights, the weights for colored
images can be deﬁned by:
wp,q =

1
|w|2

∑

(1 + (Ip − µk )T (Σk + ϵU )−1 (Iq − µk ))

(3.12)

k:(p,q)∈wk

Here Ip and Iq are µk 3 × 1 color vectors (RGB values) and the covariance matrix σk and the identity
matrix U are of the dimensions 3 × 3.
In this framework the third step according to Scharsteins schema is held really simple. Here the authors
do not perform any optimization and the disparities for the disparity map are selected (similar to Mei et
al.) in a winner-takes-all manner over all disparities of a pixel p. So the disparity with the lowest cost is
set as the disparity:
D(p) = arg min C ′ (p, d)
(3.13)
d

3.3

Reﬁnement

Similar to Mei et al this approach uses a consistency check (cf. Equation 3.8) to detect outliers, which
then are processed in the following way:
1. Replacement:
Here the disparities of all occluded pixels are replaced with the disparity of the spatially closest nonoccluded pixel on the same scanline (horizontal). Because this line-wise method can easily generate
artifacts (streaks on the image) a post-processing method is necessary afterwards.
2. Post-Processing:
To remove these streak-like artifacts a median ﬁlter is used. A median ﬁlter creates a rank order
of all pixels in a window around a pixel p and selects the one in the middle of the ranking (the
median) as new disparity for p. As ﬁlter weights they use those of the bilateral ﬁlter, which is edge
preserving, too.
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Name

Tab. 1: Results of the middlebury stereo vision benchmark [9].
Percentage of all bad pixels in
Average time
tsukuba teddy venus cones Average
1
1.48
0.25
6.22
7.25
3.80
59 ms
16
1.85
0.39
11.8
8.24
5.57
65 ms

Rank

ADCensus
Costﬁlter

4
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fps
17
15

Comparison and Results

To evaluate their results, both frameworks tested their results on the Middlebury stereo vision benchmark
created by Scharstein [9]. This benchmark takes the resulting disparity maps of four image pairs tsukuba,
venus, teddy and cones (see Figure 3.9) and calculates the errors in the disparity maps. The image pairs
have diﬀerent resolutions (384 × 288, 434 × 383, 450 × 375, 450 × 375) and the disparity maps must be
scaled by diﬀerent disparity ranges (0..19, 0..19, 0..59, 0..59).

(a) tsukuba

(b) venus

(c) teddy

(d) cones

Abb. 3.9: These are the four left images of the image pairs [2, 10] used for the Middlebury stereo
benchmark.
In Figure 3.10 the resulting disparity maps of the two frameworks are shown for the tsukuba image
pair. Here it can be seen that the results are close to the groundtruth disparity map, but still have some
wrong disparities (example error regions are marked red). Here it can be noticed that the edges in the
ADCensus disparity map are more clear than the one of the Costﬁlter disparity map.

(a) ADCensus

(b) Costﬁlter

(c) grountruth

Abb. 3.10: These are the resulting disparity maps calculated by ADCensus and Costﬁlter and the
groundtruth disparity map for the dataset tsukuba (see Figure 3.3).
In the benchmark, the framework by Mei et al. currently ranks ﬁrst (These are the ranks at the
moment of this seminar paper (12. Juli 2012) and can change over time.) with a 3.80 average percent of
all bad pixels of all datasets. The framework of Rhemann et al. is currently ranked 16th . It reached 5.57
average percent of all bad pixels. As you can see in Table 3.10, the framework of Mei et al. obtains better
results in every category. But being ranked 16th in over a hundred stereo systems, the one by Rhemann
et al. is still one of the top accurate systems. Notice that the benchmark just counts errors over a certain
threshold (here: absolute disparity error which of is greater than 1). If the diﬀerence is smaller, the error
is not counted. Here completely wrong disparities are not evaluated worse than an error hardly over that
threshold. In that way the benchmark can only give a limited evaluation.
Additionally this benchmark does not consider the processing speed of the frameworks. Here, the
framework of Mei et al. needs an average processing time of 59 ms (mean over 16 ms, 32 ms, 95 ms, 94 ms
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Abb. 3.11: In this current technique a tape is used for measurements. This task could be performed by
a stereo endoscope without a tape [12]

for the diﬀerent datasets [3]) for creating a ﬁnal disparity map. Rhemann et al. need a comparable average
runtime of 65 ms [4]. These average processing times correspond to an average frequencies of 17 and 15 fps.
This mean the results both work with near-realtime performance. Unfortunately the measurements are
not performed on the same machines and hence are not directly comparable.
An important diﬀerence between these two frameworks is the approach. The ﬁrst system is exclusively
created and optimized for stereo vision tasks and contains a lot of optimization and reﬁnement steps.
The second one is a more general ﬁlter framework which is designed to be suitable for diﬀerent vision
tasks. It uses basically a ﬁlter and performs much less reﬁnement steps. However ADCensus does not
need a longer processing time due to the parralel implementation on the GPU and Costﬁlter obtains a
comparable accuracy.

5

Medical Applications

Stereo vision systems with near-realtime performance can be applied in many various application areas.
In this chapter I will present a couple of diﬀerent medical applications. In these examples stereo vision is
used for measurements, navigation or the detection of nearby obstacles.
A big diﬀerence in practice is the fact that the captured images are not post-processed like the ones
in the middlebury dataset. Therefore the calibration of the two cameras is an important additional task.
5.1

Stereo Endoscopy for Minimally Invasive Surgeries

The ﬁst example of a medical application is the stereo endoscope in minimally invasive surgeries. Minimally invasive surgeries (MIS) are surgeries with only a small cut. In that way the skin and the tissue will
be less damaged. As a direct consequence of that, there should be less complications after the surgery
and the time of convalescence should be shorter than after an open surgery.
In the MIS endoscopes are inserted through the small cut to watch inside the patient and allow the
entry for medical instruments. But this endoscope only allows a smaller ﬁeld of view than possible in open
surgeries. Additionally, during the MIS the surgeon only has 2-dimensional informations in the pictures.
Therefore the size of an object can not be calculated exactly by the images and this is one reason for
surgical accidents [11].
Lim et al. [11] and Field et al. [12] propose methods, which use a stereo endoscope in combination
with near-realtime stereo vision systems to create three-dimensional informations during the endoscopy.
This depth information can help the surgeon during the procedure. The three-dimensional positions can
be used for measurements - for example calculating a tumor size. Moreover, the 3-dimensional coordinates
can be reused to plan the path of a medical roboter for the actual operation.
In that way the stereo-vision can help during minimally invasive surgeries and reduce the risk of
accidents.
5.2

Navigation of a Robotic Wheelchair

Another ﬁeld in which stereo vision system can be used is the navigation of medical aid devices. Bailey
et al. [13] for example develop a robotic wheelchair for handicapped persons who are not able to control
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the wheelchair by themselves. This wheelchair should be capable to navigate through unknown locations
automatically. For example it should be able to ﬁnd a room by the room number in an unknown building.
For the navigation of this chair a near-realtime stereo vision system is in use and enables the wheelchair

Abb. 3.12: Robotic wheelchair with stereo vision systems for navigation [13]. Here the camera is placed
at the seat for testing. In practice the camera would be placed above the legs of the person.

to drive automatically and safely. The captured pictures are used to create a map of the current building.
This is called simultaneous localization and mapping (SLAM). The range information for this mapping
are normally created by active vision systems like laser-range ﬁnders or a sonar. But laser range ﬁnders
are expensive and sonars produce an audible clicking sound that could bother the person over time
[13]. Stereo vision do not have these disadvantages and can do the same work as well. Furthermore the
wheelchair contains a robotic arm to open doors and press elevator buttons. Here, the stereo-camera helps
to ﬁnd the position of the door knob or button. Additionally, in contrast to a sonar the pictures of the
stereo-camera can be reused to detect cues such as room numbers to derive which is the right direction
to the desired room.
5.3

The vOICe - Seeing for the Blind

The last example I want to present is the project “the vOICe” [14]. This project is an open ecosystem
for distributed research, development and deployment and involves hundreds of people around the world.
The aim of this project is to help totally blind people to see with sound. For this purpose they created a
head-mounted camera which can encode pictures in sound. To encode a picture, they scan the picture

Abb. 3.13: A head-mounted camera like this Vozix Wrap 920AR [15] could be used to create the stereo
images.

every second from left to right with a scanline. Brighter areas are encoded with louder sounds, areas in top
of the picture with higher sounds. There is a lot of practice necessary to decode these sounds afterwards
and extract image-like information. Then it is possible to detect and even identify objects. 3.14.
Recently, a support for stereo vision extension is developed [16]. This stereo vision extension should
enable blinds to more mobility. While orientation can be obtained with only one single camera, this stereo
camera can additionally calculate depth information. This improves the mobility because nearby objects
and obstacles can be detected. The stereo vision system can create a disparity map in near-realtime and
this disparity map is directly encoded in a similar way. Here a louder sound means that there is a nearby
object. An example is given in Figure
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(a)

(b)

(c)

Abb. 3.14: Result of a suitable stereo camera [16] with (a) left, (b) right eye image and (c) corresponding
disparity map. Here you can clearly detect the tree as obstacle. The scanline moves one time per second
from left to right over the map while the pixels on the scanline are encoded in sound.

6

Conclusion

This seminar paper gave a short introduction to computational stereo vision. It presented two frameworks
to show diﬀerent ways of calculating a spatial, three-dimensional image out of two images representing
the left and right view of the scene.
We have seen that the stereo vision system bei Mei et al. [3] which is created and optimized for stereo
vision tasks obtained better results then the one of Rhemann et al. [4] . On the other hand the one by
Rhemann et al. obtained good results as well with only a generic simple ﬁltering process and much less
reﬁnement steps. Despite these near-realtime stereo vision systems can achieve a high accuracy in test
conditions the situation in practice is diﬀerent. The shown frameworks are tested on a rectiﬁed image
pair of a test set. The depth calculation of a captured video in the real world is a much more challenging
task. Here, additional problems like the calibration of the two cameras and vibrations need have to be
taken into account. Hence, stereo vision is still a current research topic.
Nevertheless, there are many application areas where stereo vision can be used. A few medical applications are presented in this seminar paper to give an idea of the diﬀerent application areas like navigation,
measurements and so forth. There are additionally a lot of diﬀerent application ﬁelds apart from medicine.
This will assure that the research and employment of near-realtime stereo vision will still be a topic of
much interest in the future.
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Zusammenfassung
Object Tracking is an interesting tracking task in automatic video analysis. It has wide applications in
industries and in analysing medical images. This seminar work discourses three robust algorithms proposed
by A.Adam, E.Rivilin and I.Shimshoni in [2], H.Grabner, C. Leistner and H.Bischof in [10], B.Babenko,
M.H.Yang and S.Belongie in [3]. The algorithms were tested on video sequences by Babenko et al in
their paper. A tracking method that achieves robustness for all scenarios is still an open question. The
methodologies used, the performance results and the pros and cons of each algorithm are discussed in this
paper.
Keywords: Object tracking, FragTracker, SemiBoost, Semi- Supervised learning, Multiple Instance learning, appearance models, drifting, occlusion, Robust tracker.

1

Introduction

In the medical ﬁeld, object tracking techniques greatly assist medical experts during their analysis. In
sports medicine, for curing the athlete in case of injuries during the event, tracking of the victim‘s body
parts during the event would show the cause of the accident that would help therapists in the treatment. Similarly, for checking the rate of recovery in body parts after surgeries, automatic tracking of
repaired parts in medical images makes the task easier and accurate. This brings out the concern for
robustness in tracking algorithms. Object tracking is a challenging task as the condition of the object in
frame sequences is neither easily known in advance nor predictable. The object could get partially or fully
occluded, lighting conditions may change, noise in the video sequence and fast movement of the object
are issues that algorithms should handle.
The primary concepts in object tracking are explained in brief. The shape of target object is represented as a centroid point or set of points, geometric shapes, by their contour, skeletal models, as in [19]. The
appearance of the object can be represented as a template that remains static or as probability densities
either parametric like Gaussian or non parametric like histograms. The FragTracker algorithm in [2] uses
template representation while the Semi- Supervised Online Boosting tracker [10] and Multiple instance
learning (MIL) tracker [3] use probabilities of features to deﬁne the appearance of an object. A tracker
ﬁnds the location of an object in every frame and estimates correspondence with the located object from
the previous frames. Diﬀerences in establishing the correspondences lead to diversity in tracking algorithms.
Object tracking is also tackled as a classiﬁcation task in recent research. A classiﬁcation model for
the object is generated to discriminate it from the background. Samples of the target object are used for
training the classiﬁer either oﬀ- line, or in some cases the learning process still continues during tracking.
The classiﬁers used are either discriminative or generative. Woodley et al in [18] have incorporated both
classiﬁer types in their tracker. Selecting good feature that discriminates one class from another eﬀects
the performance of the classiﬁer greatly. The feature could be color, edge, or texture that represents either
the object or the background depending on the classiﬁer.
A tracker comprises of three parts, the appearance model, the motion model and the search strategy
[3]. The appearance model represents the likely appearance of the object and helps calculating the most
likely location of the object in next frame. The appearance model is either static as in the FragTracker
algorithm or adaptive as in Semi- Supervised Online Boosting tracker and MIL tracker. The motion model
describes the motion of the object over time. The search strategy scans the image (the frame where the
object is to be located) to ﬁnd out the most probable location of the object.
The FragTracker algorithm handles occlusion well, but because of a ﬁxed appearance model, it fails
in tracking an object that frequently changes appearance. The Semi- Supervised Online Boosting tracker
uses an adaptive appearance model, hence handles appearance changes over time. The MIL tracker is
shown eﬃcient during steady appearance changes and partial occlusions.
This paper is structured as follows, Section 2 highlights the current state of art in object tracking.
Following that in Section 3, the three robust algorithms are discussed. Section 4 includes the experimental
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comparisons and results from [3]. Finally, in Section 5 the discussion on advantages and drawbacks of
each algorithm is added.

2

State of the Art

The tracking methodology is categorised into point, kernel or Silhouette by Yilmaz, Alper et al. in [19]. A
point tracking considers the object as a point [6]. In this case, the motion of the object towards the next
frame is only translational. The kernel tracking uses a rectangular template to represent the object. Motion of the object is a parametric transformation such as rotation, aﬃne, translation. The three algorithms
discussed in this paper belong to this type. The silhouette tracking uses the information encoded inside
the object region. The information is represented as edge maps that are tracked using contour evolution
[11].
The kernel based trackers either uses a template matching strategy or use classiﬁers to locate object in
the new frame. In [7], a weighted histogram obtained from the object‘s kernel is compared to the histogram
of similar kernel around a hypothesized object position in the image (target frame). The corresponding
kernel in the image is selected based on the mean- shift approach that aims to maximize the appearance
similarity between the histograms in each iteration. For the second type, the appearance model of either
object [4] or that of both object and background is used to discriminate the object (the positive class)
from background (the negative class) [17]. The Online Boosting classiﬁer [9] learn from samples of the
image and use boosting to combine them to generate a classiﬁer. In [17], Woodley et al suggest to use a
generative classiﬁer as a ﬁxed prior model to guide the classiﬁer to achieve robustness during occlusions.
Static appearance model is called as template models. In [13], a static model is deﬁned for the background which is used in background subtraction to obtain the foreground object while tracking. For
adapting the object‘s appearance model, the authors [1] describe using EM algorithm to change the model‘s parameters. Choosing the positive and negative samples in every frame for training the classiﬁer is
the next concern. The discriminator should not over-ﬁt as well learn from less number of class samples.
Supervised learning methods require labelled training samples for each class. Co-training [5], trains two
classiﬁers with diﬀerent sets of labelled data and the features used by these classiﬁers are independent.
After training, each classiﬁer assigns label for a unlabelled data that becomes the training set for the
other classiﬁer. The authors claim that co training can provide a very accurate classiﬁcation rule. A SemiSupervised boosting classiﬁer implemented in [16], uses labelled samples either from the ﬁrst frame or are
given a priori and the unlabelled instances are extracted from subsequent frames during tracking. The
unlabelled examples along with a supervised algorithm increases the accuracy of the overall classiﬁer.
This SemiBoost framework handles occlusions well. Viola et al suggested to learn the classiﬁer with multiple instances of object and background rather than a single positive and negative instance from each
frame. They implemented the MIL concept to train the classiﬁer for face recognition [15]. A collection
of positive and negative instances are represented in a bag which is labelled respectively. Babenko et al
[3], has combined the concept of MIL with boosting and used it with online feature selection for object
tracking and has shown results for its eﬃciency.

3

Robust Tracking Algorithms

A robust tracker algorithm should address to all possible scenario the object might face. When the tracker
uses a static appearance model, it fails in tracking when the target changes appearance, during partial
occlusions or when the illumination changes. Failure occurs in these situations as the tracker would still
try to locate an object that is similar to the appearance model. On the other hand, a tracker that uses
an adaptive appearance model faces drifting. Drifting is the eﬀect of error accumulated by the tracker
in every frame during tracking. A robust algorithm could either choose to have a ﬁxed training data set
that does not lead it to drifting or update the training samples on-line after every frame so as to avoid
problems because of appearance changes. The following subsections discuss the three robust algorithms
from [2],[10] and [3].
3.1

Robust Fragments- based Tracking [2]

Fragment tracker (FragTracker) is a region based approach using histograms, inspired by the mean- shift
procedure [7]. FragTracker uses a template object as its static appearance model. The template object
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Abb. 4.1: Template and image patches representation. The pink circle in right image shows the search range s.
Image source: Robust Fragments-based tracking using the Integral Histogram [2].

is represented as multiple fragments or patches. Every patch votes for its possible position in the new
frame. Votes from all patches of the template object are combined to predict the location of the object
in image I (current frame). Using region histograms in tracking, give rise to issues such as loss of spatial
information and occlusion. The FragTracker deals with these problems in the algorithm.

Notations in Algorithm Refer Figure 4.1. The target object is represented as a rectangular template
which is denoted by its center (x, y). Multiple rectangular sub- patches are cropped around the center. A
patch from the template is denoted as PT . The current frame is denoted by I. For instance, if a patch PT
is at distance (dx, dy) from template center then it is represented as (dx, dy, h, w) where h and w are half
height and half width of the rectangular patch. Let the position of object in previous frame be (X0 , Y0 )
and the search radius be s. In the frame I, a hypothesized point (X, Y ) within the neighbourhood of
(X0 , Y0 ) (within the radius s around (X0 , Y0 ), as the object probably is located here) is chosen. A patch
PI;(X,Y ) whose center is at distance (dx, dy) from the point (X, Y ) is the corresponding patch for PT .
Patch PI;(X,Y ) is denoted as (X + dx, Y + dy, h, w).
Algorithm Patches PT and PI;(X,Y ) are represented as integral histogram [17]. Histograms with integral
image data structure can represent high dimensions and integral image at point (x, y) constitutes sum
of pixels contained within rectangular region bounded by top- left corner of the image and point (x, y).
The purpose of using integral histogram is to achieve robustness. The two histograms from patch PT and
PI;(X,Y ) are compared using a similarity measure. The distance d(PI;(X,Y ) , PT ) denotes how similar both
the patches are, the more similar they are, the more possible is for hypothesized position (X, Y ) to be
object‘s new location. The similarity value is the vote map for patch PT as in Eq (1). The vote map of
patch PT describes its possible position in target frame I. For every patch PT , a vote- map is generated
by computing distance between patch PT and its corresponding patch PI;(X,Y ) . Similarly vote maps for
multiple patches around the template centre are generated.
VPT (X, Y ) = d(PI;(X,Y ) , PT )

(4.1)

Every patch is represented as either gray- scale or color histogram. Using a single patch in [7] loses
spatial information of the object. In FragTrack algorithm, multiple sub- patches that maintain spatial
relationship between them are used. The similarity between histograms is computed using metrics such
as chi- square statistic as in Eq (2), or simply considering two histograms as vectors and use Euclidean
distance to get the similarity. A naive approach considers the histogram as vectors and use norm over
their diﬀerences.
]2
K [
1 ∑ hPT (k) − hPI;X,Y (k)
2
(4.2)
χ (hPT , hPI;X,Y ) =
2
hPT (k) + hPI;X,Y (k)
k=1

where hPT and hPI;(X,Y ) are the histograms and K is number of bins in the histogram.
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Abb. 4.2: Vote maps for example patch in red rectangular box. Image two is for naive based approach and third
image is with the EMD measure. Image source: Robust Fragments-based tracking using the Integral Histogram
[2].

Earth Mover‘s distance is another similarity measure introduced in [20]. This approach measures
how dissimilar two histograms are by computing the distance cost needed to convert one histogram into
another i.e how much probability has to be transported from one bin to another to make the histograms
similar. Eq (3), computes the dissimilarity value.
∑K ∑K
EM D(hPT , hPI;X,Y ) =

p=1

q=1

∑K ∑K
p=1

dpq fpq

q=1

fpq

(4.3)

where dpq is ground distance between the two histograms hPT and hPI;(X,Y ) . fpq is ﬂow between two
histograms. p and q represents every bin in the histograms.
Figure 4.2 explains advantage of using EMD measure over the naive approach. The ﬁrst image shows
the example patch. The second and third images are vote maps for the same example patch. EMD is
dissimilarity measure, so the lower (darker) the vote, more likely is the position of the patch. The naive
surface has noise and is more blurred while the EMD is less blurred and smoothed. The experimental set
up for this observation is as follows. Gray- scale image, with 16 bins for naive measure and 10 bins for
EMD approach were used. Patches were taken from the region 30 pixels above or below upto 20 pixels to
left or right from the example patch. Every sub- patch PT around template centre (x, y) contributes its
vote for the object‘s hypothesized position (X, Y ). The vote maps from all template patches are combined
to validate the object‘s new position.
The combined result is obtained for all possible hypothesized points around (X0 , Y0 ). However, a
single patch PI;(X,Y ) that is occluded in frame I, shows drastic variation in similarity when compared
with a static template patch PT . The vote from this patch PT , is the outlier and it gives a wrong estimate
that would increase (dissimilarity measure) or decrease (similarity measure) the ﬁnal result signiﬁcantly.
This eﬀect is similar when the object undergoes appearance or pose change in the current frame. The
algorithm uses Least Median of Squares type estimator that handles these outlier data. The vote maps
from all patches around (x, y) are ordered and the combined vote C(x, y) is obtained as in Eq (4).
C(x, y) = Q‘th value in sorted {VP (x, y)| patches P }

(4.4)

For example if EMD metrics are used to compute dissimilarity between the patches, the set VP (x, y) when
sorted in ascending order, ranges the patches that are minimally dissimilar (similar) to most dissimilar
with its corresponding patches. The Eq (4) chooses Q‘th smallest score from the set, as a representative.
Here, Q is maximal number of patches that is expected to give inlier value. For example, Q is 25% when
it is assumed that every occlusion leaves (25%) of the target object visible i.e at least a quarter of the
patches are visible and can be considered for valid voting.
In mean- shift approach during histogram generation, a kernel function assigns lower weight for pixels (in a patch) that are far away from object‘s center. These are the pixels which either belong in the
background or would possibly give an outlier value. The FragTrack algorithm uses a weighted integral
histogram data structure for this concern. Image I is represented as R. An inner region R1 is marked
that is closer to the image‘s center than the borders of region R. The pixel points falling between R and
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Abb. 4.3: Vertical and Horizontal patches used. Image source: Robust Fragments-based tracking using the Integral Histogram [2].

Abb. 4.4: First picture is the sequence of a female pedestrian walker. The second picture is the result graph
of position error plotted against the frame number. Red plottings represents FragTracker and dashed blue is for
mean shift tracker. Image source: Robust Fragments-based tracking using the Integral Histogram [2].

R1 i.e R − R1 are given less weight. Likewise an inner region R2 is considered for R1 , so weight of pixels
from (R − R1 ) < weight of pixels from (R1 − R2 ) < weight of pixels from inside R2 .
Scale tracking is still an unsolved problem in this algorithm, however attempts were made to use a
scale factor scale in the frame I to denote the hypothesis position (X, Y ). If scale is added to hypothesis,
corresponding image patch for the template patch is scaled in displacement vector, height and width by
scale and is denoted as PI;(X,Y,scale) . The template border is increased or decreased by 10% to check for
that position and scale which gives a lowest score.

Experimental results Gray- scale images were used, the histogram contained 16 bins. 36 arbitrary
patches were used as in Figure 4.3. The search radius s was 7 pixels. Value of Q was set to 25. The
evaluation metric used was position error with respect to the ground truth that was marked every ﬁfth
frame. There were 6 experiment sequences from author‘s own and CAVIER database, as mentioned in
their paper. The video frame speed is 5F P S.
In the left image of Figure 4.4, in Frame 66 the object is occluded. FragTracker retraces the object in
Frame 134 because of its support from upper part fragments while the mean- shift tracker fails as it uses
only a single patch. Looking at the graph in the right side, at Frame 134 the position error for meanshift tracker is around 27 pixels while only 5 pixels for FragTracker. In Frame 456, as the mean shift
tracker does not maintain spatial information of the patches, it drifts away from the object. Whereas the
FragTracker that considers spatial relationship between patches, recognizes that bright patch should be
at upper part and dark patch at the lower part. Refer the graph for high position error by mean- shift
tracker for that frame. The FragTracker could not handle out of plane rotation of the object as in Frame
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134, when she enters the pavement. A slight drifting is also visible in Frame 456 because of the same
eﬀect.
3.2

Semi- Supervised Online Boosting for Robust Tracking [10]

This algorithm uses a diﬀerent approach to track objects compared to the FragTracker. A Discriminative
classiﬁer is incorporated to distinguish the object from the background in every frame. For training a
classiﬁer, a supervised learning algorithm uses labelled data, while an unsupervised learner uses unlabelled data samples. Semi- supervised learning uses labelled samples to create a hypothesis function and
unlabelled samples for improving the accuracy of the hypothesis. The discriminative classiﬁer used in this
approach learns the labelled samples using AdaBoost.
Algorithm 1 Adaboost
Input: Labelled training set XL = {(f1 , l1 ), (f2 , l2 ), .., (f|XL | , l|XL | )} with li = +1, −1 where i = 1, .., |XL |
and associated sample weights W = {w1 , w2 , .., wXL }
(1)

1: For iteration 1, Initialize weights wi
(1)

=

1
|XL |

,

(1)
(1)
(1)
{w1 , w2 , .., wXL }

W
=
and train a weak classiﬁer hm (f ) using weighted data samples. Then
proceed and continue from Step 4.
2: For iterations m = 2, .., M
3: Train a weak classiﬁer hm (f ) using weighted data samples, with current available weighting coeﬃcient W (m−1) .
4: Estimate weighted error of this classiﬁer on XL ,
errorm =

∑|XL |
i=1

(m)

wi I(hm (f )̸=li )
.
∑|XL | (m)
i=1 wi

{

1 if A is true
0 if A is false
5: Calculate weighting
co{
} eﬃcient αm for hm (f ),
1−errorm
1
αm = 2 ln errorm .
where I(A) =

(m+1)

6: Update weighting co-eﬃcient for data, wi

Strong classiﬁer H(f ) = sign

(∑

)
|XL |
i=1 αm hm (f )

(m)

= wi

exp{αm I(hm (fi ) ̸= li )}

AdaBoost algorithm and Notations The input is labelled training dataset
XL = {(f1 , l1 ), (f2 , l2 ), .., (f|XL | , l|XL | )} where fi is data point (feature), li = +1, −1 and i = 1, .., |XL |.
AdaBoost [8], produces a strong classiﬁer H(f ) as a combination of weak classiﬁers hm (f ) where m =
1, .., M , M is number of weak classiﬁers. Refer Algorithm 1. For the labelled training set XL , p(fi ) is the
probability distribution for sample data set fi . A weak classiﬁer hm (f ) discriminates data f with error
less than 50%. All data samples are classiﬁed by series of weak classiﬁers till they are correctly classiﬁed. The weight of samples are updated, as in step (6), weights are increased for misclassiﬁed sample
and are passed on to the next classiﬁer. Based on α, from Step (3), probability distribution of fi is changed.
Boosting can be used in feature selection. A strong classiﬁer H(f ) can be combination of feature
sel
sel
selectors where each feature selector is a weak classiﬁer representing a feature. H(f ) = {hsel
1 , h2 , .., hn }.
sel
Every hn has a choice of m weak classiﬁers. With training data, each selector picks up a feature from the
pool, and each selectors constitutes of {h1 (f ), ..hM (f )} weak classiﬁers. Every selector hsel
n (f ) becomes
that weak classiﬁer that gives minimum error in classifying f as in Eq (5).
hsel (f ) = arg min error(hm (f ))
m

(4.5)

w

The error of the selector is computed as, error = λwλ+λc , where λw and λw are sum of correctly and
incorrectly classiﬁed samples. Based on error of the selector, weight of the selector αn and importance λ
of the sample is increased and is passed onto next selector hsel
n+1 .
The Semi- supervised boosting algorithm uses labelled as well as unlabelled data samples for learning.
Equations in AdaBoost algorithm are deﬁned for supervised learners, but for SemiBoost tracker, while
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computing the error of the weak classiﬁer, all the data samples should contribute for the loss function.
The extended loss function for the weak classiﬁer hm (f ), and the corresponding weight co-eﬃcient for
the selector hsel
n is calculated as in Eq (6) and Eq (7).


∑
∑
1
1

hsel
wm (f, l) −
(pm (f ) − qm (f ))αm hm (f )
(4.6)
n = arg min
U|
hm
|X L |
|X
L
U
f ∈X ,hm (f )̸=l

(∑

f ∈X

)
q
(f
)
+
n
1
(∑
)
αn = ln 
∑
1
4
f ∈X U ,hsel (f )=1 qn (f ) +
f ∈X U ,hsel (f )=−1 pn (f ) +
|X U |


1
|X U |

f ∈X U ,hsel
n (f )=1

pn (f ) +

∑

f ∈X U ,hsel
n (f )=−1

1
|X L |

∑
f ∈X L ,hsel
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In Eq (6), the weight of labelled sample wm (f, l) = e−2Hn−1 (f ) . For the unlabelled data samples, the conﬁdence measure of belonging to positive and negative class is given by pn (x) and qn (x) respectively. Refer
Eq (8) and Eq (9) for formula. Both the labelled sample (ﬁrst part of equation) and unlabelled samples
(second part) contribute to error of classiﬁer. X + = {⟨fj , lj ⟩|fj ∈ X L , lj = 1} is set of positive samples
where fj is input feature and lj is class label of the feature and similarly, X − = {⟨fj , lj ⟩|fj ∈ X L , lj = −1}
is set with negative samples.
pn (f ) = e−2Hn−1 (f )

∑

f ∈X L ,hsel
n (f )̸=l

∑
∑
1
1
S(f, fj ) +
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|X |
|X
|
+
U
fj ∈X
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1
|X L |

1
|X L |

∑
fj ∈X −
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fj ∈X

S(f, fj ) +

∑
1
S(f, fj )eHn−1 (f )−Hn−1 (fj )
U
|X |
U

(4.9)

fj ∈X

In Eq (8), S(f, fj ) computes similarity between the unlabelled feature data f and labelled samples fj .
A pseudo label and pseudo weight for the unlabelled data point is assigned as zn (f ) = sign(pn (f )−qn (f ))
and λn = |pn (f ) − qn (f )|.
For computing pn (f ) and qn (f ), following approximations are made. When X |U | → ∞, second term in
Eq (4) and (5) becomes 0. Hence considering the ﬁrst term, similarity between the new unlabelled data
and labelled members of positive and negative class is to be computed. This can be done by a classiﬁer
H sim (fj , fv ) that learns S(fj , fv ). A discriminative prior classiﬁer H P (f ) is built from labelled samples
that distinguishes the positive class from the negative class. H P (f ) is assumed equivalent to the classiﬁer
that describes the positive class. The new formulae for pn (f ) and qn (f ) are as in Eq (10) and (11) and
are used to compute the pseudo label z̃n (f ) = p̃n (f ) − q̃n (f ).
p̃n (f ) ≈ exp{−Hn−1 (f )}

∑
fj ∈X +

S(fj , fv ) ≈ exp{−Hn−1 (f )}H P (f ) ≈

exp{−Hn−1 (f )} exp{H P (f )}
exp{H P (f )} + exp{−H P (f )}
(4.10)

q̃n (f ) ≈ exp{Hn−1 (f )}

∑
fj ∈X −

S(fj , fv ) ≈ exp{Hn−1 (f )}(1 − H P (f )) ≈

exp{Hn−1 (f )} exp{−H P (f )}
exp{H P (f )} + exp{−H P (f )}
(4.11)

Semi-Supervised On-line boosting algorithm The tracker uses an adaptive appearance model such
that it can handle appearance changes. The variations in the object‘s appearance is learnt online during
the tracking process. The SemiBoost online adaptive tracker uses labelled data for building a prior classiﬁer H P (f ) and uses unlabelled data to construct an Online Boosting classiﬁer H(f ). Locating the object
is a combined decision of both the prior and Online boosting classiﬁer. This is followed by updating the
classiﬁers with samples from the current frame I. The samples for the prior classiﬁer are taken from the
ﬁrst frame. In the successive frames, samples cut from object‘s position become the positive instance and
sample chosen randomly from object‘s background belong to the negative class. Refer Figure 4.5 for a
pictorial representation of SemiBoost tracker. Pseudo labels are assigned to unlabelled data which are
used again for training the classiﬁers.
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Abb. 4.5: An overview of Semiboost tracker. Image source: SemiBoost: Boosting for Semi-supervised Learning
[16].

Abb. 4.6: Robust object tracking using SemiBoost Online classiﬁer. Image source: Semi- Supervised Online
Boosting for robust tracking [10]

Refer Figure 4.6. A ﬁxed prior classiﬁer from labelled samples and initial position of object in time t
is considered. In frame t + 1, the classiﬁer exhaustively evaluates many possible positions in surrounding
search region. Conﬁdence map is obtained based on Eq (12). Here H(f ) means a classiﬁer, which according
to the algorithm is combination of both prior and Online Boosting classiﬁer. The local maximum from
the conﬁdence map is chosen, the corresponding image sub- patch is the location of the object. Patches
are randomly selected on and around the object.
(
)
1
P (l = 1|f )
H(f ) = log
(4.12)
2
P (l = −1|f )
Consider Algorithm 2 that shows feature selection procedure using On-line Semi- Supervised boosting
classiﬁer. Assume, features are randomly assigned to selectors from the pool. Step (4) assigns label and
importance for the labelled sample. The importance is obtained from previous selectors Hn−1 . Pseudo label and importance for unlabelled sample is set in Step (6). In Step (9), for online classiﬁer, weak classiﬁer
of the selectors are updated based on new training sets, and the error after the testing is calculated from
Step (11) to (14). If the weak classiﬁer identiﬁes the label (or pseudo label) correctly then the importance
of the sample adds to λcn,m , else to λw
n,m . These two notations represent weight of the classiﬁer based
on how correct and incorrect they classify respectively. Step (16), calculates error of the classiﬁer. The
weak classiﬁer with least error is chosen as the selector in Step (19). A weak classiﬁer with error = 0 or
error > 21 is ignored i.e neither a classiﬁer that is already over- ﬁtted nor a classiﬁer with error greater
than 50% are of interest. Finally, in Step (23), weight co- eﬃcient of the classiﬁer is calculated. A strong
online classiﬁer is obtained from combinations of all N selectors. In Step (6) for assigning a pseudo label,
the decision of either the prior classiﬁer H P (f ) or online classiﬁer is considered based on their conﬁdence
value for f .
Drifting is a possible problem in adaptive learning. This is handled by the Online SemiBoost tracker
as follows. In SemiBoost tracker, unlabelled samples taken out from region around object‘s new position
updates the classiﬁer. During decision making, even if the online classiﬁer drifts away from the object
due to over- ﬁtting, the prior classiﬁer monitors the decision. If the prior has high conﬁdence score for
the sample than the online classiﬁer, then the tracker takes the result only from the prior thereby drifting
from object is reduced.
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Algorithm 2 On-line Semi-supervised Boosting for feature selection
Require: : training samples (labelled or unlabelled)
Require: : prior classiﬁer H P (can be initialised by training on X L )
Require: : strong classiﬁer H (initialised randomly)
Require: : weights λcn,m , λw
n,m (initialised with 1)
1: for i = 1, .., |X| do {for all data samples, labelled and unlabelled}
for n = 1, 2, .., N do {for all selectors}
2:
3:
if f ∈ X L then
4:
lin = l, λin = exp (−yHin−1 (f )) {lin is label for sample i from selector n and λin is importance
for sample i by selector n }
5:
else
6:
lin = sign(p(f ) − q(f )), λin = |p(f ) − q(f )|
7:
end if
8:
for m = 1, 2, .., M do {M is the iterations}
9:
hn,m = update(hn,m , ⟨f, l⟩, λ) {update all weak classiﬁer, hn,m is weak classiﬁer with feature
n under mth iteration}
10:
{estimate errors}
11:
if hweak
n,m (f ) = l then
12:
λcn,m = λcn,m + λn
13:
else
w
14:
λw
n,m = λn,m + λn
end if
15:
λw
16:
errorn,m = λc n,m
w
n,m +λn,m
end for
17:
18:
{choose weak classiﬁer with lowest error}
19:
m+ = arg minm (errorn,m , errorn = errorn,m+ , hsel
n = hn,m+ )
20:
if errorn = 0 or errorn > 12 then
21:
exit
22:
end if
(
)
n
23:
αn = 12 ln 1−error
{calculate voting weight}
errorn
end for
24:
25: end for
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Abb. 4.7: Comparing four trackers. The cyan colour is the on-line boosting tracker, the red for the prior classiﬁer,
the green is the heuristic combination of both the above tracker as 0.5(H P (x) + H(x)). The yellow in second row
is the Online SemiBoost tracker. The graph in last row is conﬁdence values for On-line SemiBoost and Prior
classiﬁer measured against frames numbers. Image source: Semi- Supervised Online Boosting for robust tracking
[10]

Experimental results The Online SemiBoost tracker was compared in performance with on-line boosting, prior classiﬁer and heuristic combination of both, separately under various appearance changes.
Image features are represented as Haar- like features [14]. A strong classiﬁer comprises of 25 selectors
(N = 25) and 50 weak classiﬁers each. Experiments were conducted on a 2.0 GHz PC with 2 GB RAM,
with tracking speed of 25fps. The evaluation metric used was conﬁdence values of the tracked objects.
In Figure 4.7 notice in second frame that the prior classiﬁer and the Online Boosting tracker performs
well similar to SemiBoost tracker. But the heuristic combination of the ﬁrst two trackers fails. When
the object is occluded in third frame, the online boosting classiﬁer learns from the occluded object and
drifts away from the object in fourth frame. Similarly as the prior could not handle appearance change,
it does not track the object correctly. While, the Online SemiBoost tracker uses the prior as reference
and updates from previous frame to correctly locate the object in current frame. Last row is the graph
showing conﬁdence values of object measured for SemiBoost tracker and the prior while tracking.
3.3

Object Tracking with Online Multiple Instance Learning [3]

The Online SemiBoost tracker learns online with patches from the object and the background. The adaptive capability of the tracker helps it handle appearance changes. However, when the tracker is exposed
to signiﬁcant appearance changes, it is not shown to succeed. Even as several positive instances are given
for learning, the classiﬁer might face diﬃculty in selecting the best feature. Viola et al suggested using
multiple instances learning (MIL) [15] to help the classiﬁer in selecting the best feature. In MIL approach,
examples are presented in labelled bags. An instance from the object is considered positive, whereas an
instance taken from the background is negative. A bag containing at least one positive instance is labelled positive. A bag contains multiple examples. When the tracker learns from samples represented as
bags, the classiﬁer is more ﬂexible to choose. With the bag, classiﬁer is shown to handle situations with
appearance change well as it has chance to select one prominent discriminative feature from the pool,
that suits all instances in the bag. The learning algorithm should determine, which example in positive
instance is correct.
Refer to Algorithm 3. The object‘s position in previous frame loc∗t−1 is known. In the new frame rectangular patches within a distance s pixels around the object‘s old position are cropped out as in Figure 4.8.
The location of the image patch f is given as loc(f ). In Step (2), the classiﬁer computes p(l = +1|f )
for every image patch f ∈ X s . The f for which p(l = +1|f ) is high, i.e the local maximum of the
distribution gives the current location of the object loc∗t as in Step (3). In Step (4), samples are taken for
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Abb. 4.8: Updating a discriminative appearance model: (a) Single patch to update the classiﬁer. The patch
captured may not cover the object completely. The system fails in handling appearance changes. (b) Several
positive patches to update the classiﬁer. Finding the best feature is diﬃcult in this case. The system cannot
handle signiﬁcant appearance changes. (c) MIL approach of using a single positive bag with multiple patches for
positive samples. Image source: Robust Object Tracking with Online Multiple Instance Learning [3].

updating the classiﬁer. Positive bag contains patches cropped out within radius r pixels, with r < s and
the negative patches are taken out within radius β pixels.
The training set is {(X1 , l1 ), (X2 , l2 ), .., (XI , lI )}, where I is number of training sets and i = 1, 2, ...I.
Xi = {(fi1 , li ), (fi2 , li ), .., (fiU , li )}, where U = |Xi | and u = 1, ...U . The labels of instances inside the bag
is given the label of the bag. From Step (2) in Algorithm 3, the classiﬁer calculates p(l|f ), hence labels for
instances inside a bag are needed. Algorithm 4 explains online multiple instance learning using a boosting
framework. The feature pool contains A features out of which K features are selected for the classiﬁer.
The A features are updated based on training data as in step (1). A strong classiﬁer has K weak classiﬁers
where each represents a discriminative feature. Step (3) is repeated to select K weak classiﬁers from pool
of A classiﬁers using Steps (5) to (10). In Step (5), the classiﬁer Hiu for i = 1, 2, ...I and u = 1, ., U ,
computes the instance probability piu , by sequence of weak classiﬁers ha (fiu ) for a = 1, .., A using a
1
sigmoid function, where σ(B) = 1+exp{−B}
; B is just a parameter. Bag probability pi is computed with
all of its instance probabilities as in Step (6) using the Noisy-OR (NOR) model as in [15]. The classiﬁer
that maximises the log likelihood of the bag is chosen. Step (7) calculates that. The classiﬁer learns all
instances inside a positive bag as positive, this is suboptimal as there can be negative instances inside the
same bag. The weak classiﬁer k with k = 1, ..K that maximises La is chosen in Step (9), (10) and is joined
to the strong classiﬁerHk−1 . The bags obtained during tracking, adds to the training set for updating the
feature pool and weak classiﬁers in the strong classiﬁer. In order to prevent the weak classiﬁer from overﬁtting to new examples, the algorithm uses online weak classiﬁers that also retains information about
previously seen data. Figure 4.9 illustrates the OMB algorithm.
Algorithm 3 MILtrack [15]
Input: Input Video frame number k
1: Crop out a set of image patches, X s = f : ||loc(f ) − loc∗t−1 || < s and compute feature vectors.
2: Use MIL classiﬁer to estimate p(l = +1|f ) for f ∈ X s .
3: Update tracker location loc∗t = loc(arg maxf ∈X s p(l|f )).
4: Crop out two sets of image patches X r = {f : ||loc(f ) − loc∗t || < r} and
X r,β = {f : r < ||loc(f ) − loc∗t || < β}.
5: Update MIL appearance model with one positive bag X r and |X r,β | negative bags, each containing
a single image patch from the set X r,β .
The classiﬁer learns online by updating the parameters of the weak classiﬁers. In their system, the
authors represented the weak classiﬁer by a Gaussian distribution. It has to update with four parameters
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Abb. 4.9: The object is selected in ﬁrst frame. Positive and negative patches around the object are extracted. For
both OAB and MIL classiﬁers, a single and same feature is picked, k = 1. In Frame 2, when the object is occluded,
both classiﬁers fail. The appearance model used before can no longer be used to track if this occlusion persists.
OAB updates its classiﬁer with a single positive example. It chooses one feature k that commonly represents
samples in the past and current patch. The MIL tracker extracts many positive instances from the occluded patch
and from its neighbourhood. The best feature that suits all four patches (say, the mouth) is selected from the pool
to be the discriminator. In Frame 3, MIL tracks correctly and OAB drifts away. Image source: Robust Object
Tracking with Online Multiple Instance Learning [3].

Algorithm 4 Online MILBoost(OMB)
Input: Data set {Xi , li }Ii=1 , where Xi = {fi1 , fi2 , ., fiU }, li ∈ {−1, +1}.
For u = 1, .., U , liu = li .
1: Update all A weak classiﬁers in the pool with data fiu , lu .
2: Initialise strong classiﬁer Hiu = 0 for all i, u.
3: for k = 1, 2, .., K do
4:
for a = 1, 2, .., A do
a
5:
paiu = σ(H∏
iu + hk (fiu )) where piu is the instance probability.
a
a
a
6:
pi = 1∑
− u (1 − piu ) where pi is the bag probability.
La = i (lu log(pai ) + (1 − lu ) log(1 − pai )) where L is the likelihood function.
7:
8:
end for
a∗ = arg maxa La
9:
10:
hk (f ) ← ha∗ (f )
11:
Hiu (f ) = Hiu (f ) + hk (f )
12: end for
∑
Output: Classiﬁer H(f ) = k hk (f ), where p(l|f ) = σ(H(f )), and sigmoid function
1
σ(H(f )) = 1+exp{−H(f
)}
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(µ+1 , σ+1 , µ−1 , σ−1 ) using the unlabeled samples obtained online.
[
]
pt (l = +1|f )
hk (f ) = log
pt (l = −1|f )

(4.13)

pt here is probability at current time frame t. Bayes formula, Eq (14) is used to compute pt (l = +1|f ),
after removing the consistent term p(f, l) in the denominator.
pt (l = +1|f ) =

pt (f |l = +1)p(l = +1)
p(f, l)

(4.14)

pt (f |l = +1) ∼ N (µ+ 1, σ+ 1) and it is assumed that p(y = 1) = p(y = 0). The mean and standard
deviation of the distribution is updated using Eq (15) and (16).
µ1 ← γµ+1 + (1 − γ)

∑
1
fu .
|Xj |

(4.15)

i;li =+1

√
σ1 ← γσ+1 + (1 − γ)

∑
1
2
(fu − µ+1 )
|Xj | i;y =+1

(4.16)

i

The learning rate of the classiﬁer γ with (0 < γ < 1) is included in the above equations.
MIL algorithm for tracking scaled objects is also deﬁned. The eﬀective tracking of scaled objects by
MIL tracker similar to Incremental visual tracker (IVT) is experimented and shown in the paper [3]. A
parameter λscale is used as scale space step size. While cropping out patches in current frame for locating
object, patches of current scale ltscale as well as patches with one scale step larger and smaller ltscale ±λscale
are cropped. From these patches, the one with maximum likelihood is the object‘s new location.

4

Experimental comparisons and results

The trackers discussed in this seminar work are experimentally compared by Babenko et al in [3]. The
experiment was conducted using 9 sequences, three were publicly available videos and the others were
author‘s own clips. All videos posed challenges that brought out the eﬃciency of each algorithm. The
common issues tested were robustness of the tracker against partial and full occlusions, background illumination changes and appearance changes.
Following are the parameter settings for all videos and trackers. The search radius s = 35 pixels, r = 1
pixel for OAB (that results in 1 patch) and 4 pixel for MIL tracker (resulting in 45 positive patches),
β = 50 pixels (giving 65 negative patches). A = 250 out of which K = 50 features are selected, γ = 0.85.
Ground truth was set at every 5 frames, for the other frames interpolation was done. The evaluation
metric used was center location error and precision plots. The precision value of the classiﬁer, gives the
percentage of frames for which the predicted object location was within a threshold distance pixels from
the manually set ground truth i.e if the object‘s location is predicted within 20 pixels from object‘s actual
position, then that classiﬁcation is still not considered as error.
Four challenging video snapshots are included in this seminar paper. The Occluded Face clip (Figure
10) that shows partial occlusion, the Cola Can sequence (Figure 11) that exhibits illumination changes,
the Surfer video (Figure 12) needs tracking of an object that faces occlusion and appearance change. The
Coupon Book clip (Figure 13) had appearance changes, in which after every 50 frames a page in the book
is folded and an unfolded coupon book is introduced for distraction.
From the Table 4, the Online SemiBoost tracker has shown good result during occlusion scenarios. For
instance in the Occluded Face clip, in 97% of frames the object is predicted at a location within a threshold
of 20 pixels. The FragTracker has even performed well, for the same example with the precision of 0.95.
MIL tracker handles this situation with precision of 0.43, still not better compared to the SemiBoost
tracker. In case of coupon book that shows appearance change, MIL tracker outperforms SemiBoost
and FragTracker when an unfolded book is introduced. With the surfer example, the SemiBoost tracker
performs best followed by MIL tracker while the FragTracker completely lost the object from Frame 206.
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Abb. 4.10: Initial template marks the target object in Frame 0001. The OAB tracker is shown in dashed green,
FragTracker in ﬁne- dashed blue, SemiBoost tracker in dotted red and MIL tracker in pink. Refer Table 4 for
measured precision values. The SemiBoost tracker handles occlusion well. This is because the tracker is trained
online from unlabelled samples that are obtained in every current frame. The FragTracker also shows precision
in 95 frames, as it uses a model (part- based) that uses combined votes from multiple patches before locating
the object. The MIL tracker shows a precision of 0.43. It fails in competing with other two trackers as it uses an
adaptive appearance model and adapts faster to changes in the new frames. Thereby it identiﬁes the target in
Frame 0835 based on discriminative feature obtained from Frame 0670 and consecutively drifts away from object.
Image source: Robust Object Tracking with Online Multiple Instance Learning [3].

Abb. 4.11: Initial template marks the object to track in Frame 0001. The video sequence is challenging for the
trackers as they need to locate an object that reﬂects light (specular object). The OAB tracker is shown in dashed
green, FragTracker in ﬁne- dashed blue and MIL tracker in pink. From the Table 4, the SemiBoost tracker has
shown precision in 0.78% frames as it learns from the illumination change in Frame 0020. The tracker manages to
track the target eﬀectively in consecutive frames and at the same time learns in parallel. The MIL tracker shows a
precision value of 0.55. It handles illumination changes well because of its adaptive appearance model and learning
from the background instances of the target. The FragTracker could not handle the illumination change. It tries
to track the target that looks similar as the template in Frame 0001 near its previous position and completely
drifts away from object. Image source: Robust Object Tracking with Online Multiple Instance Learning [3].

Video Clip
Occluded Face
Surfer
Cola Can
Coupon Book
Sylvester
David Indoor
Occluded Face 2
Tiger 1
Tiger 2

OAB
0.22
0.51
0.45
0.67
0.64
0.16
0.61
0.48
0.51

SemiBoost
0.97
0.96
0.78
0.37
0.69
0.46
0.60
0.44
0.30

FragTracker
0.95
0.28
0.14
0.41
0.86
0.45
0.44
0.28
0.22

MILTrack
0.43
0.93
0.55
0.69
0.90
0.52
0.60
0.81
0.83

Tab. 1: Precision at a threshold of 20 pixels. Measurement: Every 5th frame was labelled the remaining frames
interpolated. The ﬁrst and second best precision value are shown in bold. Source: Table from Robust Object
Tracking with Online Multiple Instance Learning [3]
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Abb. 4.12: Initial template marks the object to track in Frame 0001. The OAB tracker is shown in dashed green,
FragTracker in ﬁne- dashed blue and MIL tracker in pink. From the Table 4, SemiBoost tracker shows precision of
0.96 in tracking the object location. The MIL tracker also holds a precision value of 0.93. The algorithm tracks the
target eﬀectively in seen in Frame 0163 when there are changes in orientation and scale of the object. From Frame
0209, the Fragtracker loses its track on the target as the surfer bends. The system fails because of signiﬁcant
position change of the target object. The advantage of using adaptive appearance model is seen in Frame 0376
when the OAB tracker still manages to be close to the target. The MIL tracker identiﬁes the location of the object
in Frame 0376 with the help of multiple instances obtained from the object and the background in Frame 0209.
Image source: Robust Object Tracking with Online Multiple Instance Learning [3].

Abb. 4.13: Initial template marks the object to track in Frame 0001. The SemiBoost tracker is shown in dotted
red, FragTracker in ﬁne- dashed blue and MIL tracker in pink. This video clip is hard as it challenges the trackers
to handle substantial appearance change. The page of the book is folded in Frame 0051. A new unfolded book
is introduced in Frame 0130 to confuse the trackers. The MIL tracker copes up well with the appearance change
from Frame 0051 till Frame 0327. The FragTracker still locates the book in Frame 0081 as the target is closer to
its previous location. Patches taken from the upper part of the template object adds positive score for object‘s
new position in Frame 0081. However when the new book is brought in Frame 0130, the static appearance model
of FragTracker diverts the tracker to the new book thereby makes the tracker lose its track over the old unfolded
book. In case of the SemiBoost tracker, in Frame 0130 the conﬁdence measure for unfolded book will be higher
because of the prior classiﬁer than conﬁdence value for folded book by Online Boosting classiﬁer. So, the SemiBoost
tracker scores only 0.37 precision value in this clip. Image source: Robust Object Tracking with Online Multiple
Instance Learning [3].

The other clips experimented are also included in the table. The screen shots of tracking in these videos
are shown in the author‘s paper [3]. The Occluded Face 2 video sequence shows appearance change as well
as occlusion. The FragTracker is not designed to handle appearance change and hence shows precision
only in 0.44% frames. The Sylvester and David Indoors exhibit lighting, scale as well as pose changes. The
MIL tracker identiﬁes the target object best in this clip. The Tiger 1 and tiger 2 sequences has frequent
occlusions and blurred image because of fast motion of object. This video also had out of plane rotation
of the tiger toy. MIL tracker tracked the object location with precision of more than 0.80 in both cases.
The video tracking of all these sequences are available in Babenko‘s website [3].

5

Conclusion

Object tracking becomes challenging when the object moves faster relative to the frame rate, when it
changes appearance and orientation over time. Three robust tracking systems were discussed in this
paper. Every algorithm is deﬁned to handle speciﬁc issue such as occlusion, appearance change, but fail
to maintain robustness in other scenarios. The FragTracker algorithm is eﬃcient during occlusions as
it uses spatial relationships between template patches while tracking. However when the appearance of
object changes, FragTracker loses the object as it uses a static appearance model. Objects that makes out
of plane rotations are not traced well by the FragTracker. The Semi- Supervised Online boosting tracker
handles occlusion very well, however loses object or drifts away completely on signiﬁcant appearance
changes. It makes use of unlabelled samples cropped from the scene to increase accuracy of the supervised
learning based prior classiﬁer. An Online boosting classiﬁer learns from the unlabelled samples and ﬁnal
classiﬁcation is the combined result of both the prior and OAB classiﬁers. The MIL tracker is useful
during signiﬁcant appearance changes and partial occlusion. It has good deﬁnition for tracking scaled
object and has shown to perform well equal to the IVT trackers [12] that is speciﬁc for tracking scaled
objects. The drawback for MIL tracker is that the system learns from wrong examples when the object
remains occluded for longer time, and may lose the object completely. It takes considerably more time
to re- trace the object. To conclude from the result in Table 4, the on-line SemiBoost tracker performs
well in more than 50% of the examples, yet fails to eﬃciently handle the object‘s appearance change. The
choice of one from those three trackers is highly based on the environment they should work in. However
in real time, the circumstances the target object would face is not known in advance. A robust tracking
algorithm that is eﬃcient against all the problems discussed, is still an open issue.
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Zusammenfassung
The seminar report concentrates on an optimization problem to ﬁnd central path in virtual colonoscopy.
Finding the central path is an useful method, that allows user to navigate through the colon image.
Keywords: Virtual colonoscopy, Central path

1

Introduction

This seminar report concentrates on an improvement in virtual endoscopy for complex anatomy such as
colon. It focuses on ﬁnding the central path of it.
A central path is a path that passes through the center of the colon. It is useful because it provides an
appropriate visualization for the user. Additionally a path that goes through the center of the object is
more roboust to false branches.

2
2.1

Vitual Endoscopy for Colon
3D Model Construction

At the ﬁrst step, the algorithm generates a 3D image data volume skeleton of a colon from CT scan.
Which is based on the segmentation of the taken image. This step is done to make the graph construction
of the image easier.
2.2

Thinning

To make the skeleton of the image, there is one step for thining. To be more precise, the ideal skeleton
is the one that does not have branches since that can easily determines the central path. This is not
the case in most of the time because there are always artifacts (as extra branches) which is caused by
segmentation. And even with ﬁner segmentations, these artifacts can not be completely removed. So there
is a need for thining methods.
2.3

Removing False Branches

In this step a skeletal graph will be made. A skeletal graph is a connected graph which has just positive
weights. In the skeletal graph, a vertex will be considered as a point where either of following two
conditions will be satisﬁed. The ﬁrst condition is that three or more branches join in the speciﬁed point.
The second one is that the point will be the endpoint of the colon which means just one branch joins.
Since the central path lies at the center of the colon lumen which has quite large diameter, the weights
should be determined in such a way that shows this property. The best way to imagine this property is
to consider a ball that pass through this pipe. The radius of this ball can be chosen as the weight of the
corresponding edge.
2.4

Smooth Representation

In this step of the algorithm, the aim is to make the representation of the central path smoother. To be
more precise, the aim is to get more connected representation. Since later on the representation should
be used to ﬁnd the path, and that makes it easeier when there is smooth representation. Smoothing has
been done by applying the B-Splines.

3

Finding the Central Path

Having the skeletal graph with given start and end points, the aim is to ﬁnd a path between them such
that its minimum weight is maximum among all the other paths and it does not pass through narrow
passage as much as possible.
The algorithm tries to ﬁnd the largest weight in each step. However, it causes two problems that should
be considered.
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3.1
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Algorithm

In the algorithm snippet, d[u] represents the ﬂow from s to u, Π[u] indicates the predecessor of u in the
current path, l[u] represents the number of edges from s to u in the current path through the Π attributes
an a[u] indicates the average weightof the current path from s to u.
1. for each vertexu ∈ V do
d[u] ← −1, Π[u] ← N IL, l[u] ← 0, a[u] ← 0
endfor
d[s] ← 0, S ← N IL, Q ← V
2. while Q ̸= N IL do
u ← EXT RACT M AX(Q)
if d[u] ̸= −1 then S ← S ∪ u else goto step 3
for each vertex v ∈ Adj[u] do
if (d[u] < min{d[u], w(u, 0)}) then
d[v] ← min{d[u], w(u, v)}
Π[v] ← u, l[v] ← l[u] + 1
a[v] ← (l[u].a[u]+w(u,v))
l[v]
if(Π[v] ̸= N IL and min {d[u], w(u, v)} ≥ d[v]) then
if( l[u].a[u]+w(u,v)
> a[v]) then
l[u]+1
Π[v] ← u, l[v] ← l[u] + 1
a[v] ← (l[u].a[u]+w(u,v))
l[v]
endfor
endwhile
3. if t ∈ S then output the path from s to t using the Π attributes
else there is no path from s to t
The algorithm initialized by giving negative ﬂow to all the vertices apart from the start node. The
ﬂow of the start node will be set to zero. In the algorithm snippet l[u] shows the ﬂow of the node u.
The algorithm tries to ﬁnd a node that has the maximum ﬂow by using EXTRACTMAX, which is the
start node at the beginning. Then it checks the neighbors. For each neighbor, if it has not been visited
before, its ﬂow will be set accordingly, otherwise if the current path has the ﬂow at least as large as the
old one and it has got the strictly larger average weight than the old path is ﬂipped over to the current
path.
The foundation behind considering the ﬂow of the path in each iteration is when a false branch has larger
weight than true branches on a particular segment. This problem arises from the segmentation limitation.
The better segmentation and thinning algorithms are more time consuming. So, to solve the problem,
the maximum ﬂow of a path should be considered. It means, if a vertex is in more than one paths, the
one that has the largest weight to the speciﬁed vertex should be selected.
So, a simple path between two vertices will be selected, if the speciﬁed path has the maximum ﬂow in
comparison to other paths going through the vertices. To be more precise, if we consider a path p as
p = (v0 , v1 , ..., vk ) , the ﬂow of p will be described as following;
f (p) = min(w(vi−1 , vi ) : 1 5 i 5 k)

(5.1)

Then p will be considered as the largest path between start node u and end node v, if for all the other
′
paths from u to v namely p the following two conditions will be satisﬁed,
′
f (p 5 f (p))
′
if there is a vertex shared by both paths, then f (u p x) 5 f (u p x) The reason to consider the
average weight is when there are more than one largest path between start and end points. This happens
when for example a colon image contains some segments that are narrower than other segments. Then
the narrowest segment may also include in the central path, if after this narrow segment, there will be a
larger segment. In this case a false path may also have the same ﬂow as the ﬂow of the central path that
contains narrow segment. That is because the maximum ﬂow of all paths are already small.
In the ideal situation, if at any points in the path, all false branches have smaller weights than the true
branch, then the central path has the heaviest average weight.
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W (p) =

k−1
∑
i=0

w(vi , vi+1 )
k

(5.2)

A heaviest path may contain an edge with very small weight. Hence, the aim is to ﬁnd a path that
has the heaviest weight among the largest paths. To this aim the critical path of the skeletal graph will
be considered. The critical path from u to v is a the largest path between them and for all other paths
the average weight of them will be less than or equal to the average path of p.
3.2

Complexity

The complexity of the algorithm depends on how the maximum path will be extracted is either O(n2 )
or O((n + |E|)logn) , which |E| shows the number of edges, if |E| = O(n) the algorithm can run in
O(nlog(n)) time. There are two ways of implementation based on usual priority queue or binary heap
based priority queue, which will be counted in following.

3.2.1 Priority Queue Based Implementation If the algorithm will be implemented by priority
queue to examine each vertices, there is initially V-S , vertices in the queue, such that S shows the
number of starting nodes in each step of the algorithm. Extacting the maximum from the queue takes
O(|V|-|S|) because it is implemented based on priority and so it can be linearly obtained. This step must
be done maximum for each vertices, so the total complexity till this general step is O(|V |2 ) . Since there
is maximum |E| adjancies for each vertices, and the maximum in each neighborhood can be extracted
based on priority queue with O(1), the complexity of whole the algorithm will be O(|V |2 + |E|) which
yields O(|V |2 ) .

3.2.2 Binary Heap in Priority Queue If the priority queue will be implemented by binary heap,
extracting the maximum in each step takes O(log(V)). Since this step must be done for each vertices,
there are |V| of this execution. And since in each step all the neighbors should be examined, the total
complexity of the algorithm will be O((|V|+|E|)log(|V|)). If |E| = O(|V|) , the total complexity will be
O(|V|log|V|). This case will be happened since in a skeleton graph, |E|=O(|V|) .
There is also better implementation of priority queue based on Fibonacci heap, which yields O(|V|log|V|+|E|).

4
4.1

Other Methods
An Eﬃcient Central Path Algorithm for Virtual Navigation

In [PCK] , path computation is done ﬁsrt by subdividing the image. In this method ﬁrst the image will
be hierachically subdivided and for each block the distance from boundary will be computed. This will
be later used to compute a path that stays away from boundary as much as possible. Finally, the central
path will be computed.
4.1.1 Subdivision At the beginning, there is just one box surrounding the object of interest. Then
the subdivision proceeds in such a way that the blocks which are completely either inside or outside the
object will not be divided anymore. At the end of the subdivision, the blocks that lie on the boundary
are the size of one. However, subdivision stops at the user deﬁned threshold.
4.1.2 Distance from Boudary Estimation In this step the distance of each subdivided block from
boundary are computed that later on will be used for ﬁnding the path which is far from boundary. To
this aim, a graph kind of structure will be assumed. In this graph, there will be edge between each two
blocks which intersect in at least one point. The length of this edge will be the summation of two blocks
sizes, and if a block intersects with boundary, the length of the associated edge will be as the size of the
block itself.
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(b)

(c)

(d)

(e)

Abb. 5.1: Hierachical Subdivision and DFB Fields
[PCK]

Distance from boundary for each block will be assigned as the shortest path between each block and
boundary. To be more precise, it will be the path between the speciﬁed block and nearest boundary point.
This path will be computed using Dijkstra single source shortest path algorithm. Figures 5.1 shows the
procedure. The darker blocks have less distance to the boundary.
4.1.3 Computing Central Path After establishing the distance from boundaries, user speciﬁes the
source and destination points. First, weights will be assigned to each edge. The weight for the edge between blocks b1 and b2 will be deﬁned as following:
w(b1 , b2 ) =

1
1
+
df b(b1 ) df b(b2 )

(5.3)

where dfb shows distance from boundary.
In the next step, the blocks that source and target points are will be identiﬁed. Then Dijkestra algorithm
will be utilized to compute the shortest path between source and destination according to the computed
weights. The answer to the user query, is the path s, v0 , v1 , ..., vl , t where vi is the center of the block.
Figure 5.2 shows path computation procedure.

Abb. 5.2: Path Computation
[PCK]

4.1.4 Progressive Path Computation In central path computation, the entire 3D object will be
subdivided in order to ﬁnd central path between speciﬁed source and destination points. However in many
cases, entire subdivision is not necessary. That happens when the source and destination are close to each
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other in comparison to the size of the object.

Abb. 5.3: Progressive Path Computation
[PCK]
In this method, the smallest box surrounding source and destination will be considered. The subdivision
will be done in this region of interest and distance from boundary and later on central path will be
computed. In the next iteration the ROI will be expanded. This process continues either if we do not
have any central path or if the diﬀerence between path lengths in subsequent iterations will be greater
than a speciﬁed threshold. Figure 5.3 shows how path will be computed iteratively.
4.2

Fast Extraction of Minimal Paths in 3D Images and Applications to Virtual
Endoscopy

In [TD01] approach, the problem of ﬁnding central path is formulated as contour energy minimization.
In this approach, the energy is deﬁned as ;
E(C) = intγ (w + P (C(s))) ds

(5.4)

In this equation, C shows the curve, P is the potential, w is the constant to control the smoothness of
the contour. γ shows the boundary of the integral which is between 0 and the length of the curve.
The surface of minimal action between each point p0 and p will be deﬁnes as following;
U (p) = infAp0 ,p E(C) = infAp0 ,p p (C(s))ds

(5.5)

p =p+w

(5.6)

A shows all the paths between speciﬁed points.

4.2.1 Fast Marching Algorithm The algorithm will be started by considering three sets of points,
namely alive, trial and far points. Alive points are the points for which action values are computed and
will not be changed. Trial points are those for which the estimation of minimal action is given and are
in the neighborhood of the speciﬁed point. ﬁnally, far points are those that the minimal action is not yet
estimated for them.
At the beginning, the estimated action - U - is 0. And for the set of trials the trial point which gives the
minimum action will be considered as the alive node.

Abb. 5.4: Partial front propagation with colliding
[TD01]
This procedure will be done for all the points. To ﬁnd out the path between start and target point,
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gradient descent method from target node will be applied, till it reaches to the stat point or one of its
closest neighbors.
The other improvement in [TD01] approach, is to compute the path simultaneously between start and
target node. In this way, the minimal action from start point and the minimal action from end point will
be computed; the conﬂict node between them is the stop point, in which the computed paths will be joined
together. In this method, the computation will parallelized and it can also be divided in two processors.
Figure 4.2.1 shows the digital subtracted angiography image. Colliding path technique is applied in this
image.

Abb. 5.5: Comparing classic and centered path
[TD01]
To ﬁnd the path which is near the center and far from the boundaries as much as possible, another
potential will be deﬁned as the diﬀerence of distance from nearest boundary point and a pre deﬁned
threshold. If this distance is less, the potential will be considered as zero. This step will be done after
ﬁnding the minimal energy based on the original potential. Figure 5.5 left shows the two possible paths
in the image. The middle ﬁgure is the classic path and the right one is the centered path by utilizing the
new potential.

Abb. 5.6: Virtual endoscopy in the colon
[TD01]

5
5.1

Conclusion
Summary

In this seminar report the method for ﬁnding central path in virtual endoscopy especially in colon endoscopy was reviewed. In [JW] , the image will be skeletonized and based on that a graph will be created.
The graph has either three or one branches. The weights of the edges are computed based on the radial
thinning of it. The algorithm aims to ﬁnd the path which its maximum ﬂow is minimum among other
paths. In this method the average weight is also considered in order to prevent from the paths that go
through large weights related to false branches.
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In [TD01] the problem formulated as active contour energy minimization, by deﬁning the potential
for the speciﬁed curve of the 3D image and minimizing the energy of the curve based on the snake model.
The other concept in this method is the minimal action between points which is deﬁned as the potential
of the each path in the curve related to points. The algorithm consists of two tracks. At the ﬁrst track,
the minimal actions will be computed started from the initial point. In the second track which will be
started from the endpoint, the best path will be computed based on gradient descent of the minimal
actions. In [PCK] central path estimation is divided to hierarchical process, in which the image will be
subdivided into blocks and the distance from boundary will be computed for each block. Giving start and
end points, the algorithm tries to ﬁnd a path between blocks by giving block centers as the result.
5.2

Comparison of Methods

In [PCK] the number of subdivision is not determined and it is an user speciﬁed parameter, however [JW]
is not user dependent and it makes it better approach in this context.
In [TD01] whole of the image is used for computation, however, in [JW] just the skeleton image is utilized
which is more eﬃcient. Although, in [TD01] , there is an eﬃcient approach to ﬁnd the central path
simultaneously between start and end point, which causes less computation time.
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Introduction

The following report discusses about the application of Active Shape models on ﬂexible objects, here
being the 2D image of the heart obtained during echo cardiogram. A number of rigid models exist for
the location of objects that do not vary in appearance. However, in the ﬁeld of Medical imaging, the
objects vary over time and hence active shape models are used. The Active shape model consists of a
ﬂexible shape template which describes on how the points on the object ( heart) can vary. It involves the
construction of appropriate model by learning the variability based on changes of parameters in labelled
images. We discuss the building of model for the heart and also discuss upon a way to construct the
model for a 3D image of heart.
Model based vision enables the recognition of objects which do not vary in appearance. However, in
practical situations there is a necessity for the models not to be rigid as certain objects in the medical
ﬁeld such as the shape of the internal organs like brain, abdomen and heart changes over a period of
time and varies from person to person. A number of ﬂexible models or deformable templates have been
proposed to recognize the object. However, these existing models lose the model speciﬁcity. The term
model speciﬁcity stands for the deformation of a model in accordance to the class of objects it represents.
Feature extraction of structures from medical images is complex. The organs in the human body vary
in shape, appearance and size. It is essential for the medical diagnosis that these organs be recognised
properly in terms of the shape, size and appearance. This helps the doctors to notice any malfunctioning.
The proper functioning of the Left ventricle is an indicator of the overall cardiac function, hence being
important for cardiovascular diagnosis. The accurate location of the left ventricle boundary leads to the
calculation of ventricular volume, motion and cardiac output. There is a lack of ﬂexible template models
for matching such complex biological structures like heart. The search strategies used to locate instances
of the template within the image are also problem speciﬁc. Automated localization of these biological
parts can be less labour intensive and can provide a more accurate image interpretation. However, the
varying features of the anatomical parts and imperfect scanning procedures hinder this process. In the
following report, we make use of the Point Distribution Model where the labelled points indicate the position. It gives the option of choosing the values of the parameters so that the model ﬁts best to the image.
In this report, Section 1 discusses the background and the previous work. In the next section, we discuss
the need for a good model. In the following section, an overview of the Active Shape Model is provided.
In the section following this, the Point distribution model is elaborated upon. The ﬁfth section elaborates
on an example model relating the heart. The next section explains the Active Shape Model. The seventh
section gives a detailed account of obtaining the Initial guess of the parameters. The following section
explains the use of this model to locate the ventricle in a 2-D image of heart followed by the discussion.
The last section provides the conclusions.

2

Background

A number of ﬂexible models have been used which use parameters to control the shape of the object.
Hinton, Williams and Revow [9] describe a spline snake which has certain control points in the home
locations. Deformation is achieved by moving the points away from the home locations. This models the
average shape of the object but however fails to deﬁne the models of the shape variation. The model
deforms in shape, but not within the legal constraints deﬁned by the training set.
2.1

Rigid Models

The rigid models are based on the geometric properties of the visible surface of the objects [15]. A 2
dimensional model is usually created from a set of prototype objects which are viewed from diﬀerent
angles. The feature extraction involves edges, lines and corners and matching is done by sampling. These
models are not suitable for the objects that vary in appearance over time as a suitable prototype can not
be created. Hence, it cannot be applied to biological parts like heart as they vary individual to individual
and also over diﬀerent stages of the heart cycle.
2.2

Flexible Models

Detection of features using deformable templates has been discussed by Yuille et al. [16] and by Lipson et
al. [13] where templates have certain parameters thus giving knowledge about the shape of the objects.
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Abb. 6.1: Echo cardiogram of Heart Source: BMJ Case Reports-Google images
They have various degrees of freedom and can change with respect to the scale, orientation and rotation.
A continuous variation of the parameters provides the good ﬁt to the image. The peaks and valleys in
the image intensity are noted and the sudden change in the image intensity are the features to which the
template is compared. The energy function is deﬁned. The template interacts with the image evaluating
this energy function and modifying the parameters accordingly to until the least energy function is
obtained. The minimum energy function means the best ﬁt. The parameters of the template are updated
by the steepest descent. However, these models are domain speciﬁc, that is hand crafted and cannot be
generalized to other applications. Templates have to be created for every structure individually.
2.2.1 Finite Element Models These deformable models are considered to be clay with elastic properties as described by Pentland and Sclaroﬀ [2]. The desired shape can be obtained by pushing, pulling the
elastic material. The vibration modes of a particular shape is obtained. For example, the lowest frequency
modes are the modes of translation and rotation. The next lowest mode are for the body deformations
leaving the centre of mass and rotation ﬁxed. Shapes having similar dimensions are of lower order modes.
For example, for the human head, the ﬁrst thirty lower order modes are used which stand for twisting,
shearing, bending and scaling. These deformation modes are used as they are most stable to noise. The
mode values are iteratively compared to that of the models to ﬁnd a match.
An alternative model is suggested by Terzopoulos and Metaxas [5]. The parametrized model is based on
superquadrics. However, this model does not support enough degrees of freedom to elaborate on the ﬁner
surface details. Also, this process requires a lot of iterations making it slower.
2.2.2 Active Contour Model Active contour models help in ﬁnding the continuous edge in an image
by using stiﬀ elastic strings called snakes. Kass et al. [12] describes these snakes being the deformable
model slither while minimizing the energy are also known as energy minimizing spline curves. They
are attracted towards edges, lines of images based on the external forces. From the initial state, the
contour moves under the inﬂuence of the local forces, here being the gradient derived from the image
until equilibrium with the contour’s internal forces, elasticity and stiﬀness is reached. The snakes take
the shape in conformance to the nearest neighbour. The snake is attracted to an edge where the energy is
at minimum and locks to it. The internal forces make the contour smooth and the external forces deﬂect
the snake towards a high gradient region of the image, that is the edge. Karaolani et al. [10, 11] provides
an alternative approach to energy minimization.
In the above, the Active Contour Model performs the image search based on gradient climbing technique.
However, an alternative is provided by Hinton et al. [9] where in the image is marked with a number of
control points. In our example, 96 points are marked on heart and are initially in their home locations.
The deformations in the iteration process is achieved by moving the control points away from these home
locations. Moreover, the modes of shape variation are completely dependent on the number of control
points and their initial positions. In case of the echo cardiogram of the heart, the model obtained diﬀers
depending upon the number of control points chosen initially.
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Need for a Good Model

Image search and recognition has three issues [15]:
1. There exists a problem to identify which features need to be extracted to identify the object and
their spatial relationship.
2. We encounter the problem of the way in which the features need to be combined to make a model such that it is suﬃcient to recognize all the objects of the particular class.
3. The technique to identify how the matching has to be done between the model and the image.

4

Overview of Active Shape Model

The question to be addressed is why there is a need for a model when a number of models with deformable
templates exist. The need for an Active Shape model arises from the fact that the earlier models do not
address the problem of model speciﬁcity. The model should deform to represent an object which is part
of the class to be recognized.
Given an object, its boundaries are represented by a set of points. In the training set, the points are
put in the same locations. The next step involves the alignment of these points to reduce the variance
in the distance between the equivalent points. Based on this, the Point Distribution Model is obtained.
This model provides the average positions of the points. The parameters needed to control the modes of
variation of the training set are also obtained.
Interpretation is done by choosing the appropriate values of these parameters to obtain the best ﬁt in
terms of scaling, orientation and shape. A rough guess can be obtained by comparing the image to the
model instance.

5

Point Distribution Model

The reason why the Point Distribution Model is chosen is because it captures the variability in the shape
of the object (the heart) and also their spatial relationships. The construction involves labelling of the
points indicating position on the object. A set of these points form the object description upon which
the model is to be trained. The principle eigenvectors of the matrix give the modes of variation of the
training set. The resultant model consists of small set of parameters acting as weights. These weights
when manipulated give new instances of the object (heart). Here, we obtain a Point Distribution Model
of the left ventricle, the septum and the mitral valve [3].
5.1

Labelling the Object

As mentioned earlier, the model is represented by a set of points. Each shape in the training set is labelled
either representing the boundary or the internal parts. For example in Figure 1, the echo cardiogram of
the heart is labelled by 96 points on the boundary walls of the Left Ventricle, the Right Ventricle (the
septum) and the Atrium (mitral valve). Comparison of the points when the shape varies is the key.
The landmark points are deﬁned where the analysis of biological organs are eﬀective by recording of the
geometric locations of these landmark points [3]. They have the same locations in every form of study of
the data. The landmark points are deﬁned as follows:
1. Points labelling the application-dependent parts of an object like the sharp corner of a boundary.
2. Points labelling the application-independent parts like the highest point of an object in a particular direction.
3. Points which label the other parts.
For the echo cardiogram as shown in Figure 2, the points labelled at the apex of the Left ventricle,
the lower two extremes of the Left Ventricle can be easily identiﬁed and hence are the points conﬁrming

Active shape models (for Medical Images Segmentation)

85

Abb. 6.2: Labelled points on boundary of Left Ventricle [1]
to the ﬁrst type. The points labelled on the boundaries of the Left Ventricle along the septum on the
right and the mitral valve below are equidistant and hence of the type 3. All the points are necessary
to describe the boundary of the shape in detail. If suﬃcient number of type 3 points are labelled, they
can help describe the curves with a greater accuracy and hence are more computationally eﬃcient and
eﬀective.
5.2

Alignment of the Shapes

The alignment of the labelled points is necessary to compare the points among the diﬀerent shapes. Alignment involves rotation, scaling and translation in order to minimize the weighted sum of the square of
the distances.
Let us consider the alignment of a pair of shapes.
xi : A vector describing n points of the ith shape in the set
xi = (xi0 , yi0 , xi1 , yi1 , ............, xin−1 , yin−1 )T
M (s, θ)[x] : Rotation by θ and scaling by s
For two shapes xi , xj , θj , sj , translation (txj , tyj ) mapping on xi on M (sj , θj )[xj ] + tj are chosen to
minimize the weighted sum.
Ej = (xi − M (sj , θj )[xj ] − tj )T W (xi − M (sj , θj )[xj ] − tj )
where tj = (txj , tyj , ........, txj , tyj )T
W : Diagonal matrix of the weights for each point
  



M (s, θ) xjk  = (scosθ)xjk − (ssinθ)yjk 
yjk
(ssinθ)xjk + (scosθ)yjk
The weight matrix
(
Wk = ∑n−1
l=0

)−1
VRkl
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Rkl : Distance between the points k and l in a shape
VRkl : Variance in this distance over various shapes
Wk : Weight for k th point

For the points which move the least with respect to the the other points in a shape, a large weight
is assigned, thus giving higher priority. Lower weights are allotted to the points which move a lot. Following is the algorithm to align a set of N shapes [3]:
• Align each shape to the ﬁrst shape in the set by rotation, scaling and translation.
• Repeat
– Calculate the mean shape from the aligned shapes.
– Normalize the orientation, scale and origin of the current mean to suitable defaults.
– Realign every shape with the current mean.
• Until the process converges.
Normalization is needed to ensure that the algorithm converges. It is to be noted that the mean shape
is normalized and the rest of the shapes are aligned to this rather than every shape being normalized.
Consider the normalization of every shape based on scale such that the distance between the two points
is one unit. Artiﬁcial correlations might be forced on the set distorting the model. If alignment is with
respect to the mean, then every shape will have similar scale, that of mean and the landmark points are
chosen which match the mean. Testing of the convergence condition is by calculating the average diﬀerence
between the transformation required to align each shape to the mean shape and identity transformation.
5.3

Capturing Data from the aligned shape set

It is known that every aligned shape is represented by a single point, vector xi in a 2n dimensional space.
For N shapes, the cloud of N points occur. These points lie in a region called the Allowable Shape Domain
[3], where in the points indicate the shape and the size of the region. Every point within domain gives
set of landmarks whose shape is similar to those in the original training set.
For N aligned shapes, the mean shape x̄ which is the centre of the ellipsoidal Allowable Shape domain is
∑N
x̄ = N1 i=1 xi
For every shape, the deviation from the mean is calculated dxi .
dxi = xi − x̄
Next, the 2n × 2n covariance matrix S is calculated
∑N
S = N1 i=1 dxi dxTi
Spk = λk pk
where
λk : kth eigenvalue of S, λk ≥ λk+1
pk for k = 1, ........, 2n are the principal axes of the ellipsoid
pTk pk = 1
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The most signiﬁcant modes of variation in the variables are used to derive the covariance matrix as the
longest axes of the ellipsoid are described by the eigenvectors corresponding to the largest eigenvalues.
Small number of modes t are required to explain most of the variation. t can be calculated by choosing the
least number of modes so that the sum of the variances account for the total variance of all the variables.
∑2n
λT = i=1 λk
where
λT : Total variance of all variables
The kth eigenvector acts on point l by moving it parallel to (dxkl , dykl ) along a vector obtained from the
lth pair of elements in pk .
pTk = (dxk0 , dyk0 , ......, dxkl , dykl , ........, dxkn−1 , dykn−1 )
Any shape in the training set is approximated using the mean shape and weighted sum of the deviations
obtained from the t modes.
x = x̄ + P b
where
x̄ : The mean shape
P = (p1 p2 .....pl ) is the matrix of the ﬁrst t eigenvectors
T

b = (b1 b2 .....bl ) is the vector of weights
New shapes can be generated by varying the parameters bk however within the limits so that the shapes
are consistent to the ones in the training set. The parameters are linearly independent.
The eigenvectors are orthogonal [4]
pT p = I
Hence,
b = pT (x − x̄)
The parameter limits are of the order of
√
√
−3 λk ≤ bk ≤ 3 λk as most of the population lies within the three standard deviations of the mean.
The parameters can also be chosen based on the some distance measures like the Mahalanobis distance
(Dmax ) from the mean is less than the desired value of Dmax .
( 2)
∑
2
2
Dm
= k=1 l bλkk ≤ Dmax

6

Example Model

Consider Figure 3 providing some samples from the set of 66 heart chamber boundaries,each being
represented by 96 points. The variation is ensured because of the training set is obtained from diﬀerent
individuals and at diﬀerent stages of the cardiac cycle. The points represent the boundary of the left
ventricle, the right ventricle and part of the atrium. Figure 4 shows the reconstructed shapes after the
modiﬁcation of the parameters [4].
Parameter b1 modiﬁes the width, b2 modiﬁes the wall separating the left and right ventricle, parameters
b3, b4 change the shape of the mitral valve ( between the Left ventricle and atrium).
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Abb. 6.3: Sample of Heart Ventricle Shapes [4]

7

Active Shape Model

Active shape models are an instance of the Point Distribution Model which deforms to improve their ﬁt
to the image. It helps in improving the correspondence between the model and image data. The shape
constraints remain the same during the iterative deformation process. The process begins with putting
the instance of the model on the image and deciding upon the deformation required for each point. Next,
recompute the translation, scale and orientation and apply these changes. The residual deformation indicates the need to update the model parameters which control the shape. The resultant model best ﬁts
the image of the heart provided.
To ﬁnd the model representing images, the following procedure is used.
1. A Hypothesis is made, giving the control points.
2.Each of the hypothesis is reﬁned and the best is chosen.
Consider the instance of the model [3]
X = M (s, θ)[x] + Xc
where
X is in the image frame created from x in coordinate frame.
Xc = (Xc , Yc , Xc , Yc , ...., Xc , Yc )T
where
(Xc , Yc ) : Position of the centre of the model
M (s, θ)[ ] : Rotation by θ and scaling by s

Abb. 6.4: Eﬀect of the Modiﬁcation of the Parameters [4]
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Abb. 6.5: Suggested Movement of a Point along normal to boundary in a direction where Proﬁle Model
best ﬁts proﬁle obtained from image [4]
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Abb. 6.6: Adjustment to set of points [3]

We need to ﬁnd the shape parameters such that the model best ﬁts the image structure. The aim is
to ﬁnd an X using an iterative process based on a rough estimate. The iterative process is as follows;
• Put the current X on image of interest and calculate the displacement required.
• Transform these elements to shape and scale parameters.
• Update the parameters.Constraint on the shape parameters ensures the model speciﬁcity.
7.1

Calculation of the movement of the Model Point

A proﬁle model for each point is built. This is compared to the proﬁle sampled from the image g. The
model at point d pixels is
fprof (d) = (h(d) − ḡ) Sg −1 (h(d) − ḡ)
T

where
h(d) : Sub interval of g of length np pixels centred at d.
Lower the value of fprof , better the ﬁt.
The adjustment of the model points representing the boundaries to the image boundary is along the
normal to the boundary proportional to the maximum edge strength along the normal as shown in Figure 5 .
These set of adjustments are denoted by vector dX as seen in Figure 6 where
dX = (dX0 , dY0 , ....., dXn−1 , dYn−1 )

T

Consider dbest to be the distance along the sampled proﬁle from model point to the point of the best ﬁt
[4].
|dX| = 0 if |dbest | ≤ δ
|dX| = 0.5dbest if δ < |dbest | < dmax
|dX| = 0.5dmax if dmax ≤ |dbest |
Here, δ is considered to be 0.5 pixels and dmax is considered to be 8 pixels.
7.2

Computation of changes in Shape and pose parameters

In order to move the points from current location X to X + dX , the pose and shape parameters need to
be modiﬁed. For the current centre (Xc , Yc ) the transformation (dXc , dYc ) needs to be found. Similarly,
the rotation dθ and scaling factor (1 + ds) needs to be found to achieve the best ﬁt [3].
Once these are modiﬁed, deformation of the shape can be achieved by calculating dx in local coordinate
frame.
That is,
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X = M (s, θ)[x] + Xc
Applying the adjustments,
M (s(1 + ds), (θ + dθ))[x + dx] + (Xc + dXc ) = (X + dX)
Thus,
M (s(1 + ds), (θ + dθ))[x + dx] = (M (s, θ)[x] + Xc + dX) − (Xc + dXc )
We get,
dx = M ((s(1 + ds))−1 , −(θ + dθ))[M (s, θ)[x] + dX − dXc ] − x
since M −1 (s, θ)[

] = M (s−1 , −θ)[

]

We transform dx to model parameter space, db to ensure shape constraint.
x=x̄+P b
x + dx ≈ x̄ + P (b + db)
We know that ,
x = x̄ + P b
Substituting this in above, we get
dx ≈ P (db)
So,
db = P T dx
Since P T = p−1
7.3

Choice of weights for parameters

We need to decrease the weights of the points which are away from the current model points than the
average, including the outliers [4].
(
)
Wi =
1
2+|dXi |2

7.4

Updation of Parameters

From all the equations above, the changes in dXc , dYc , dθ, ds and db can be calculated [3]. The iterative
updation of the pose parameters Xc , Yc , dθ, ds and shape parameter db is as follows,
Xc → Xc + wt dXc
Yc → Yc + wt dYc
θ → θ + wθ dθ
s → s(1 + ws ds)
b → b + wb db
Here, wt , wθ , ws are scalar weights and wb is the diagonal matrix of weights, one for each mode. Model
speciﬁcity is achieved by con-straining the values of bk . For Example,
Dm < Dmax
where
Dmax : Mahalanobis distance and has a value of 3.0
That is,
b should lie within the hyperellipsoid. If it lies outside, rescaling is required.
bk → bk .( DDmax
)
m
where k = (1, 2, ......., t)
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Abb. 6.7: Figuration of the Left Ventricle, Septum and Atrium [6]

Abb. 6.8: The Left Ventricle Model[1]

8

Initial Guess

Stasm is a C++ software library used to ﬁnd the features. Given the training set, it returns the positions
of the features [14]. The Initial guess of the parameters for shape,scale and orientation is explained in [1].
The parameters need to be chosen so that the best ﬁt is obtained. Here, the Genetic Algorithm search is
used. Let us consider an echo cardiogram of heart and the objective is to locate the boundary of the Left
Ventricle, as in Figure 7.
During the iterative process, further on for Active Shape Model creation, the following hurdles are encountered.
• Noise
• Occlusion of the boundary by other internal structures
• Poor quality of the echo cardiogram images
For the creation of the model, the initial following parameters are deﬁned. As shown in Figure 8, the
parameter α denotes width to height ratio. Thus, the point (−α, 1) represents the apex and (−α, −1)
shows the connection of the mitral valve to the atrium.
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Practical Example

Parameter β represents the angle at which the mitral valve is to the septum. δ1 governs the movement
of the mitral valve. δ2 governs the position of the control point at the centre of the septum. δ3 governs
the shape by calculating the horizontal displacement from the apex. δ4 deﬁnes the vertical displacement
from the mitral valve.
The active shape model and Genetic Algorithm are combined where in the set of parameters to get the
best model are ﬁrst obtained by the GA approach which is later reﬁned by the Active shape Model. This
leads to rapid convergence and obtaining the best solution. GA search involves searching the parameter
space to achieve the objective function, here being the best ﬁt. A population of solutions is obtained. The
iterative process ensures the production of new generation of solutions. The selective breeding is applied
to get the best shape and pose parameters [7].
Increased speciﬁcity of the model can be seen where the automatic location of the Left Ventricle, mitral
valve and septum are seen. Figure 9 a) enables the best objective match. The aim is to locate the boundary of the left ventricle as shown in Figure 9 b) . Echo cardiogram time sequences are used for the Point
Distribution model. From each sequence, two images are selected- left ventricle in the most contracted
and expanded form. The left ventricle boundaries are labelled. Four points on each boundary are placed
at the apex and the mitral valve. The intermediate points are placed at equidistance making it 18 points
in total. 6 modes of variation are identiﬁed in left ventricle shape of this training set. The ﬁrst mode
varies the width of the model. The second mode varies the position of the lower part of the ventricle.
The third and fourth modes perform other deformations of the boundary. The strongest edge is elected
for the new position of the point during image search.

Figure 10 a) shows an echo cardiogram. Figure 10 b) indicates the initial placement of 96 points as
described in the example model. Set of pose parameters are chosen and all the shape parameters set to 0.
Figure 10 c) shows the Active Shape Model after 20 iterations. Figure 10 d) shows a more accurate and
reﬁned Active Shape Model after 80 iterations. After 200 iterations, a model gives the best ﬁt to the data
as seen in Figure 10 e). 12 degrees of freedom are present. Adjustments are made based on calculation
using the strongest edge in the image [3]. All missing data with respect to boundary are obtained based
on the knowledge of expected shape and the information from the areas where the ventricle wall is seen.

10

Discussion

A number of issues arise and there exist a number of areas where there is a scope for improvement.
The issues to be discussed include Clutter and noise, the shape of the allowable shape domain and the
placement of the landmark points [3]. The further research areas include the generation of the active
shape model for three dimensional images.

(a) Best Fit

(b) Anatomy of Heart

Abb. 6.9: Locating the LV [7, 6]
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(a) Echo cardiogram

(b) Initial positions

(d) After 80 iterations
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(c) After 20 iterations

(e) After 200 iterations

Abb. 6.10: Iterative superimposition of example model on echo cardiogram [7, 4, 3]
10.1

Accurate placement of Landmark Points

The landmark points need to be placed properly in the initial state otherwise, the noise terms are added
leading to the points not being aptly located. This leads to alignment issues. The alignment of all the
points in the training set need to be similar to allow the comparison of the equivalent points.
It is required that the examples to create the model have variety of shapes else, the modes of variation
describing the small amount of diﬀerences might get truncated.
10.2

Models for Object with multiple sub parts

In our example of the echo cardiogram of heart, the 96 points are placed not over a single part but over
three diﬀerent internal parts, which being the Left Ventricle, the Atrium and the septum. The connectivity
between the points marking these parts is essential in determination of the normal at every point.
10.3

Allowable Shape Domain

The Allowable Shape domain is considered to be an ellipsoid. However, if there is a large rotation in the
training set, non linear relationships between the landmark points arise giving the 2n Dimensional space
a banana like shape. There is a requirement of a more general Allowable Shape domain.
Locating objects in Active Shape model is based on initial estimates of scale, position and orientation.
Calculation of these estimates depends on how cluttered the image is and the usefulness of the model.
10.4

Clutter

The example model for heart shows that Active Shape Model works with images consisting of missing
data .In presence of clutter, noise and occlusion, the model boundary might join on a wrong image edge.
The shape constraints ensures however the model speciﬁcity.

Abb. 6.11: Tracking the Left Ventricle [4]
10.5

Updation of Model Parameters

Adjustments and movement is based on the detection of the strong edge. A potential map is used, where
the model points try to move to the likely locations.
10.6

Advantages and Disadvantages

The Active Shape Model ensures model speciﬁcity, that is the model is in tandem with the shape of the
given image of the object which is achieved by adding the shape constraints. The Active Shape model is
highly robust to noise and clutter.
On the other hand, the creation of the Active shape Model is complex when compared to the Finite
element model or the active Contour model. This complexity arises from the need to mark all the edges
in the training set with the correct interpretation.
10.7

Extension to 3 dimensional images

Active Shape Models can be applied to 3D images for which initially a 3D Point distribution Model is
required [8]. In our example of the heart, the object is initially labelled with landmark points in 3 dimensional system (x0 , y0 , z0 ). The points are marked on the surface of the object. For labelling, the object is
sliced into segments.
The position for the slice operation required can be obtained by using the Genetic Algorithm [4, 6].
Consider the Figure 11,
• GA is applied to each slice to locate the left Ventricle.
• Reﬁnement is done using Active Shape Model.
• The segmentation obtained is applied to the next slice providing the initial Left Ventricle position.
• The pose and the shape parameters, obtained from guessing, of the previous slice is compared to
those of the next slice to get the new Left Ventricle position.
• The above two steps are repeated for each slice.

11

Conclusion

In this report, a brief overview over the Point distribution Model is provided which involves the construction of the model from the training set of aptly annotated images. A number of parameters, modes of
variation are given to show the changes in shape. Model speciﬁcity is ensured by applying constraints on
these parameters.
Active Shape Model uses the Point distribution Model as a part of the iterative process for image search.
It is highly robust to noise, clutter because of the limitations of model instances.
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We consider the heart shown in an echo cardiogram and model the internal parts for image search. We
also discuss an important area demanding further research of 3 dimensional images. The Active shape
model can be used to track sequences of images slicing the 3 dimensional image of heart and applying
the iterative process to obtain the Active Shape Model.
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