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Co-segmentation is defined as the task of jointly segmenting shared objects in a given
set of images. This work is concentrated on the case when the segmented object is an
animal, which means that the segmentation might require additional information about
animal biometrics. The aim of this thesis was to survey the existing segmentation and cosegmentation methods with respect to the task of wildlife photo-identification, to overview
existing datasets for co-segmentation and to evaluate and compare existing co-segmentation
algorithms. In this study four co-segmentation algorithms were compared: Discriminative clustering, Multiple foreground co-segmentation, Multiple random walkers, and Distributed co-segmentation via submodular optimization. The comparison was performed
using various datasets with wildlife animals. In most cases the Multiple random walkers
method showed the best results.
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1
1.1

INTRODUCTION
Background

Wildlife photo-identification is a commonly used technique to identify and to track individuals of wild animal populations over time. It has various applications in behavior
and population demography studies, including tracking the populations, migration patterns and general behavior of animal species. Nowadays, mostly due to large and laborintensive image data sets, automated photo-identification is an emerging research topic.
A typical method to capture image material for the photo-identification is to use static
camera traps. Therefore, the same animal individual is often captured with the same
background. This increases the risk that a supervised identification algorithm learns to
identify the background instead of the actual animal if the full image is used. To avoid
this problem, it is useful to segment the animal from the background, using segmentation
algorithms. Examples of the automatic segmentation of a seal are shown in Figure 1.
The basic idea in co-segmentation is to detect and to segment the common object (e.g.,
animal) in a set of images despite the different appearance of the object and different backgrounds. Such methods provide a promising approach to process large photoidentification databases for which manual or even semi-manual or supervised approaches
are very time-consuming. However, it should be noted that automatic segmentation of
animals is often difficult due to the camouflage colors of animals, i.e., the coloration and
patterns are similar to the visual background of the animal.
In this thesis a review of existing co-segmentation methods and wild animal databases has
been made. Four co-segmentation methods were selected for testing and evaluation: 1)
Discriminative Clustering (DC) [1], 2) Multiple Foreground Co-segmentation (MFC) [2],
Multiple Random Walkers (MRW) [3] and Distributed Co-segmentation via Submodular
Optimization (CoSand) [4]. Experiments were performed using Saimaa Ringed Seals
database [5] and the iCoseg database [2].

1.2

Objectives and restrictions

This Master’s thesis has the following objectives:
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• To survey existing co-segmentation methods with respect to the task of wildlife
photo-identification.
• To overview existing databases which might be used for testing and evaluation of
co-segmentation algorithms.
• To evaluate and to compare selected co-segmentation methods with various datasets.

In this study no other objects are considered except for wildlife animals. Multi-object approaches for co-segmentation were not used. For those co-segmentation methods that support multiple foreground objects single object case was used. No video co-segmentation
approaches were tested. The photo-identification of animals was not considered.

1.3

Structure of the thesis

Rest of the thesis is organized as follows. Chapter 2 contains the formulation of a segmentation problem and overview of existing segmentation methods. Chapter 3 contains
co-segmentation methods classification and their brief description. Chapter 4 contains the
overview of existing co-segmentation datasets and wildlife animal datasets. Chapter 5
contains the experiments description and obtained results. Chapter 6 contains discussion
on obtained results. Chapter 7 contains the conclusion and the directions of the future
work.

7

Figure 1. Example segmentation results (from the left to the right): the input image and the
segmentation result. Modified from [5].
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2

SEGMENTATION

Generally, segmentation in computer vision means partition of an image into constituent
parts. Semantic segmentation means partitioning of the images into semantically meaningful segments. Although this operation is widely used in a large variety of applications
(image annotation, content-based image retrieval, traffic control systems, etc.), automatic
and precise segmentation problem is still unsolved. Existing approaches for solving the
problem can be grouped into threshold-based, bottom-up methods, and interactive methods.

2.1

Threshold-based segmentation

Thresholding is the simplest method of image segmentation. Each pixel in the source
image is assigned to two or more classes. This method of segmentation simultaneously
applies a single fixed criterion to all pixels in the image. The criterion can be expressed
as:
(
0, if f (x, y) < T
g(x, y) =
(1)
1, if f (x, y) ≥ T
where (x, y) are the pixel coordinates, f (x, y) is the gray-level value and T is the threshold. The selection of the threshold can be performed by a number of techniques. Based
on the threshold selection approach thresholding algorithms are divided into three groups:

• Global thresholding where a single threshold value is used in the whole image.
• Local thresholding where the threshold value depends on gray-levels of f (x, y) and
local image properties of neighboring pixels.
• Adaptive thresholding where threshold is recalculated for each pixel in the image.

The example of threshold based segmentation is illustrated on Figure 2.
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(a)

(b)

Figure 2. An example of threshold based segmentation: a) Original image; b) Segmentation result.
[6]

2.2

Bottom-up methods

Bottom-up methods are based on hierarchical grouping from low-level features to high
level structures, using some local homogeneity of objects. Depending on how the image
is interpreted, bottom-up methods might be separated into two categories: discrete and
continuous methods [7].
Discrete methods treat an image as a fixed discrete grid. One of the simplest methods in
this category is k-means [8]. This method segments an image into the predefined number
of clusters, which are determined by k centroids. The centroids can be initialized by
random points from the image. The algorithm contains two main steps: 1) assigning
each point of image to the closest centroid and 2) recalculating each centroid as the mean
of points assigned to the corresponding class. These two steps are repeated until the
centroids stop changing or the limit of iterations is reached.
Another discrete bottom-up method is Mixture of Gaussians [8]. The idea of this method
is similar to k-means. The centroids are replaced by a covariance matrix whose values are
re-estimated from the corresponding samples. The clusters are represented as the mixture
of Gaussians. Parameters of the mixture are re-estimated using expectation maximization
(EM) algorithm. The association with the cluster center is realized using Mahalanobis
distance.
Graph-based region merging [9] represents the image as a graph where each pixel denotes
a node of the graph and neighboring pixels are connected by undirected edges. Weights
are determined by the dissimilarity between pixels. Initially each node forms their own
region. Then the regions are iteratively merged. Regions Ci and Cj are merged if in-
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R
R
between edge weight is less than min( (Ci ) + τ (Ci ), (Cj ) + τ (Cj )) , where τ (C) =
and k is a coefficient that is used to control the component size.

k
|C|

Continuous methods interpret an image as a continuous surface instead of a discrete grid.
The example of such method is the snake model [10]. A snake is an energy-minimizing
spline. The evolution of the snake is driven by minimizing the internal energy function:

∗
Esnake
=

Z1

Z1
Esnake (v(s))ds =

0

Eint (v(s)) + Eimage (v(s)) + Econ (v(s))ds,

(2)

0

where Eint represent the internal energy of the spline, which is composed of the continuity
of the contour and the smoothness of the contour Eimage is the image constraint force, Econ
is the constraint force introduced by the user.
Superpixel based methods aim to represent an image as a group of over-segmented pixel
regions. These methods do not provide the final solution and are generally used for preprocessing() e.g. Toboggan-based methods [11]). The Toboggan method is designed to
associate each pixel with the minimum of the valley where the pixel is located. First,
the image is preprocessed to the gradient image. The first step is assigning each localmaximum flat region, according to the gradient information, with the unique label. Then
all non-local-maximum flat regions are assigned with the label of the closest local-maximum
flat region. Figure 3 illustrates the segmentation applied to a one-dimensional function
f (x). Figure 3(a) illustrates the original function and in Figure 3(b) is the first derivative.
Figure 3(c) shows G(x) = |f (x)0 | and its local maxima which corresponds to separate
classes. Figure 3(d) illustrates the segmentation result.
Normalized cuts method for image segmentation is based on selecting the partition on the
image graph by minimization of goodness criterion [12]. The structure of the image graph
G is similar to graph-based region merging approach, where each pixel corresponds to
nodes of the graph (V ) and neighboring pixels are connected by edges (V ) and the weight
on each edge w(i, j)) is the similarity function between the corresponding nodes i, j. A
graph partition of a graph G = (V ; E) is defined as two disjoint sets A, B, A ∪ B = V ,
A ∩ B = ∅. Disassociation measure the normalized cut (N cut)
N cut(A, B) =

cut(A, B)
cut(A, B)
+
,
assoc(A, V ) assoc(B, V )

(3)
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(a) Original function

(b) First derivative of the function

(c) Local maximums of absolute values of the
derivative

(d) Segmentation result

Figure 3. Toboggan method segmentation in one-dimensional case. Modified from [11].

P
P
where cut(A, B) = u∈A,v∈B w(u, v), assoc(BV ) = u∈A,t∈V w(u, t). The segmentation algorithm represents finding the partition with minimal disassociation measure
N cut(A, B). Generally finding minimizing normalized cut is NP-complete problem, but
an approximate discrete solution can be found efficiently by formulating the minimization of criterion as a generalized eigenvalue problem. The eigenvectors can be used to
construct good partitions of the image and the process can be continued recursively.

2.3

Interactive methods

Interactive methods require human intervention during the segmentation process. Generally, this means selecting the initial input and choosing either to stop after the segmentation iteration or to continue. Interactive methods might also be divided into contour based
and label propagation methods. Contour based methods use edge detection algorithms for
finding the closest contour to the area selected by a user (see e.g. Live-Wire [13, 14]). Label propagation technics use global optimization methods for propagating the initial area
set by the user (GrabCut [15]). The examples of GrabCut segmentation are illustrated on
Figure 4.
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Figure 4. Examples of GrabCut. The user drags a rectangle loosely around an object. The object
is then extracted automatically. Modified from [15].
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3

CO-SEGMENTATION METHODS

The task of co-segmentation is to extract similar foreground objects from a set of images.
The example of co-segmentation on seal images is illustrated on Figure 5. As the foreground object varies the main challenge is to define the similarity metric which goodness
affects directly on the segmentation result. The existing approaches for co-segmentation
can be generally divided into two categories [7]: 1) those that extend single-image segmentation methods with respect to the task of multiple images and 2) those that use models, for example based on clustering or graph theory.

3.1

Co-segmentation by extanding single-image segmentation

The general idea of extending single-image segmentation model can be formulated as
minimizing the energy
E = Es + Eg ,

(4)

where Es is the single image segmentation term which guarantees the smoothness and
the distinction between foreground and background in each image, and Eg is the cosegmentation term which focuses on evaluating the consistency between the foregrounds
among the images [7]. In number of classical approaches, the single image segmentation
term is formed using Markov Random Field (MRF) on the graphs corresponding to the
input image:
EsM RF = EuM RF + EpM RF ,

Figure 5. Example of co-segmentation on seal images.

(5)
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where EuM RF and EpM RF are the conventional unary potential and the pairwise potential
[16, 17]. the unary potential EuM RF is evaluated by using two Gaussian Mixture Models for background and foreground regions respectively. The pairwise potential EpM RF
encourages coherence in regions of similar grey-level. For evaluating the consistency between the foregrounds among the images (co-segmentation term Eg ) Rother et al. [16]
used L1 norm:
Eg =

X
(|h1 (z) − h2 (z)|)

(6)

z

where h1 and h2 are features of the two foregrounds, and z is the dimension of the feature.
Mukherjee et al. [17] replaced L1 with L2 evaluation, i.e.
Eg =

X

(|h1 (z) − h2 (z)|)2

(7)

z

which leads to several advantages, such as relaxing the minimization to Linear Programming (LP) problem and using PseudoBoolean optimization [18] method for minimization.
Another modification of the approach was introduced by Collins et al. [19, 3], where RandomWalk model was used instead of MRF segmentation model.

3.2

Model based co-segmentation

Model based co-segmentation use co-segmentation models rather than adapting singleimage approaches. The task of co-segmentation is jointly partitioning same or similar
object on a set of images.
Joulin et al. [1] proposed a method that is based on clustering strategy. Co-segmentation
labeling is treated as training data for a supervised classifier. Then the classifier is trained
with these labels until the maximal separation of the two classes is achieved. The cosegmentation is then formulated as searching of the labels that lead to the best classification.
Another clustering based approach was introduced in [20] where the images are divided
into hierarchical superpixel layers where the relationships of the superpixels are described
using graph. Then the affinity matrix is constructed and the co-segmentation problem is
solved using spectral clustering [21].
Graph based approaches represent the region similarity relationships as edge weights of
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a graph. In the method proposed by Vicente et al. [22] the graph is fully connected and
the co-segmentation is achieved by loop belief propagation. Meng et al. [23] constructed
directed graph structure to describe the foreground relationship by only considering the
neighboring images. The object co-segmentation is then formulated as a shortest path
problem [7].

3.3

Discriminative clustering for image co-segmentation

In [1] a discriminative clustering (DC) approach for co-segmentation was proposed, which
is based on the combination of bottom-up image segmentation with kernel methods. DC is
a technique for performing unsupervised clustering using support vector machine (SVM).
The goal of the algorithm is to assign foreground and background labels jointly to all
images, so that the SVM trained with these labels leads to maximal separation of the two
classes.
For adapting DC to the task of co-segmentation in [1] spatial consistency constraint
was introduced and an efficient convex relaxation approach was proposed for the hardcombinatorial optimization problem.
Suppose there is a set of images I = I1 , ..., In . W i is the similarity matrix defined for
i
each image where for any pair of pixels (l, m), Wlm
is zero if the two pixels are separated
i
by more than two nodes in the image grid, otherwise Wlm
is given by:
i
Wlm
= exp(−λp ||pm − pl ||2 − λc ||cm − cl ||2 ).

(8)

The Laplacian matrix L is defined as follows:
L = In − D−1/2 W D−1/2 ,

(9)

where W is constructed by assembling the separate similarity matrices W i , i = 1, ..., q
into a block-diagonal matrix W ∈ Rn × n, by putting the blocks W i ∈ Rn × n on the
diagonal, D is the diagonal matrix composed of the row sums of W .
Given the normalized Laplacian matrix, a spectral method like normalized cuts [22] outputs the second smallest eigenvector of L Normalized cuts [12] method is used for obtaining the the second smallest eigenvector of L and the obtained normalized cuts are included
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as the term the objective function. A joint n × n positive semidefinite kernel matrix K is
defined is follows:
Klm

k
2
X
(xld − xm
d )
= exp(−λh
),
m
l
−
x
x
d
d
d=1

(10)

where x is a k-dimensional feature vector (features are color histograms and Gabor features), λh > 0. In [1] λh = 0.1 was used.
Supervised classifier is an affine function of feature map which is applied for learning
through the minimization with respect to f ∈ F , where F is a high-dimensional Hilbert
space and b ∈ IR of
n

1X
l(yi , f T Φ(xj ) + b) + λk ||f ||2 ,
n j=1

(11)

where yj ∈ {−1, 1} is the label associated with the j-th pixel and l is the loss function
l(s, t) = (l − t)2 [24]. The measure of the separability of the classes defined by yj ∈
{−1, 1}n is the optimal solution of the supervised learning problem in (11). The main
steps of the algorithm are summarized in Algorithm 1.

Algorithm 1: Discriminative clustering (DC) [3].
Input : Set of input images I
Output: Segmentation maps C = {C1 , ..., CZ }
1 foreach image Ii do
2
Compute similarity matrix Wi ;
3 end
4 Construct W by assembling similarity matrices Wi ;
5 Compute Laplacian matrix L using normalized cuts;
6 Construct semidefinite kernel matrix K;
7 Learn a classifier through the minimization using kernel methods;
8 foreach image Ii do
9
foreach pixel (l, m) do
10
clm is obtained through classification using the trained classifier;
11
end
12 end
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3.4

Multiple Foreground Co-segmentation

In [2], a method for multiple foreground co-segmentation (MFC) was proposed. The
task of MFC is defined as the task of joint segmentation of K different foregrounds
F = F1 , ..., FK from M input images, each of which contains a different unknown subset
of K foregrounds. The proposed approach supports two different scenarios: 1) unsupervised scenario where a user specifies only the number of foregrounds K and the algorithm
automatically distinguish K foregrounds that are most dominant in I 2) supervised scenario where a user provides bounding-box or pixel-wise annotations for K foregrounds
of interest in some selected images. [2] In this study only unsupervised scenario was
considered.
The proposed MFC approach consists of two modules: 1) foreground modeling module;
2) region assignment module. A parametric function v k : S → IR represents the model of
the foreground Fk . v k maps any region S ∈ S in an image to its fitness value to the k-th
foreground. If Si is the oversegmented representation of Ii then v k : 2|Si | → IR takes any
subset S ∈ Si as an input and returns its value to the k-th foreground. In this approach
function v k is defined by the Gaussian mixture model (GMM) (i.e. BoykovJolly model
[25, 15]) and spatial pyramid matching (SPM) with linear support vector machine (SVM)
[26].
First step of the algorithm is oversegmentation of each image by applying submodular
image segmentation [4]. Suppose Ii is the image and Si is the set of its oversegmented
regions. Then each region from Si is assigned separately using the given foreground
model, which provides disjoint subsets of foregrounds Fik (k = 1, ..., K) and background.
k
k
l
Finally, the task reduces to finding a disjoint partition Si = ∪K+1
k=1 Fi with Fi ∩ Fi = ∅ if
k 6= l, to maximize the following sum:
K+1
X

v k (Fik )

(12)

k=1

The detailed scheme of the method is presented in Algorithm 2.

3.5

Distributed Co-segmentation via Submodular Optimization

In [4] a distributed co-segmentation approach (CoSand) for was presented. The main
feature of this approach is the ability to cope with a highly variable large-scale image
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Algorithm 2: Multiple foreground co-segmentation [2]
Input : (1) Input image set I. (2) Number of foregrounds (FGs) K.
Output: Foregrounds F = F1 , ..., FK for all Ii ∈ I
1 Initialization: foreach Ii ∈ I do
2
Oversegment Ii to Si and build adjacency graph Gi = (Si , Ei ) where
(sl , sm ) ∈ Ei if min d(sl , sm ) ≤ ρ. Apply diversity ranking to the similarity
graph of S = ∪M
i=1 Si to find K regions A = {A1 , ..., AK } that are highly
repeated in S and diverse with respect to each other.
3 end
4 Set F ← A Iterative Optimization: The iteration stops if a new region assignment
P PK+1 k k
does not increase the objective value M
i=1
k=1 v (Fi ) Foreground Modeling:
foreach k ∈ 1 : K do
5
Learn GMM and SPM FG models from F k
6 end
7 Region assignment: foreach Ii ∈ I do
8
foreach k ∈ 1 : K + 1 do
9
Generate FG candidates Bik as a set of Bik = {kj , Cj , wj }, where kj is the
foreground index, Cj ∈ Si is a subtree of Gi and wj = v k (Cj )
10
end
11
Compute the most probable candidate tree Ti∗ and pruned Bi∗ from
k
Bi = ∪K+
k=1 Bi
12
Obtain Fi to solve region assignment by using dynamic programming on B ∗
13 end

collection.
The segmentation task is modeled by temperature maximization on anisotropic heat diffusion. The temperature maximization with K heat sources corresponds to a K-way
segmentation that maximizes the segmentation confidence of every pixel in an image.
Segmentation of a single image is divided into several steps. First, superpixels are extracted, using TurboPixels [27]. Then the intra-image graph Gi = (Vi , Ei , Di ) is constructed, where the vertex set Vi is the set of superpixels and the edge set Ei connects
all pairs of adjacent superpixels. In each superpixel, 3-D CIE Lab color and 4-D texture
features are extracted. [4] Di is the diffusivity which is computed by Gaussian similarity
on the features of superpixels:
(
dxy =

−exp(β||g(x) − g(y)||2 ), if x, y ∈ Ei
,
0, otherwise

(13)

where g(x) is a feature vector in a node x ∈ Vi . Final step is agglomerative clustering [4]
on Gi to find out the set of evaluation points Li , where the algorithm greedily selects the
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largest and most coherent regions. As the iteration goes, the previous results are re-used,
which significantly reduce the computation time (e.g. the lazy greedy approach in [28]).
The optimization formulation for co-segmentation is an extension of the diversity ranking
[29] on Gi , where the objective is the sum of segmentation confidence of every image in
the dataset. This formulation encourages each image to be segmented as K regions which
are the most coherent, content-wise diverse with respect to one another and the largest.
The main structure of the algorithm is summarized in Algorithm 3.

Algorithm 3: Distributed Co-segmentation via Submodular Optimization (CoSand)
[4]
Input : (1) Intra-image matrix Gi for all Ii ∈ I. (2) Number of segments K. (3)
Evaluation set size |L|.
Output: Cluster centers Si and segmented images for Ii ∈ I
1 foreach Ii ∈ I do
2
Si ← ∅
3 end
4 foreach Ii ∈ I do
5
Ii ∈ I do Li ← agglomerative clustering on Gi
6 end
7 while |Si | ≤ K do
8
foreach Ii ∈ I do
9
foreach lj ∈ Li do
10
Solve u = Li u where Li is the Laplacian of Gi and u is an Ni × 1
vector with the constraints of u(Si ∪ lj ) = 1 and u(g) = 0. Obtain the
gain 4Ui (lj ) = |u|1 (l-1 norm of u)
11
end
12
end
13
Solve theP
energy maximization
P by belief propagation
E(l) = i∈I 4Ui (li )( N1(i) j∈N (i) f (g(li ), g(lj ))),
s1 , ..., sI ← argmax1,...lI E(l), where f is the Gaussian similarity.
14
foreach Ii ∈ I do
15
Si ← Si ∪ si
16
end
17 end
18 foreach Ii ∈ I do
19
Compute (Ni − K) × K matrix X by solving Lu X = −B T Is where
Xi = V,i Si , Lu = Li (Xi , Xi ), B = Li (Si , Xi ), and Is is a K × K identify
matrix. A superpixel vj (∈ Vi ) is clustered cj = argmaxk X(j, k).
20 end
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3.6

Co-segmentation using multiple random walkers

Another approach for image co-segmentation is a graph-based system to simulate the
movements and interactions of multiple random walkers (MRW) [3].
Generally, in [3] a random walk is described as a process in which a walker moves randomly from one node to another in a graph. The conventional random walk is a walk of a
single random walker (or agent), which is described as a Markov process. Let G = (V, E)
be a weighted undirected graph. V is the set of nodes which corresponds to the data points
xi , i = 1, ..., N . Edge eij ∈ E connects xi and xj . Let W ∈ IRN xN be a symmetric matrix, in which the (i, j)th element wij is the weight of eij , corresponding to the affinity
between xi and xj . The transition probability aij of a random walker is the probability
that the walker moves from node j to node i on the graph G. aij is obtained by dividP
ing wij by the degree of node j, i.e., aij = wij / k wkj . The temporal recursion of the
transaction probabilities is described as:
p(t+1) = Ap(t) ,
(t)

(14)

(t)

where p(t) = [p1 , ...pN ]T denotes the probability that the walker is found at node i at
time instance t, A = [aij ] is the transition matrix, computed by normalizing each column
of the matrix W . If the graph G is fully connected and has a finite number of nodes, A
is irreducible and primitive [30]. Then, regardless of an initial condition p(0) the walkers
has a unique stationary distribution Π satisfying Π = AΠ and Π = limt→∞ = p(t) . The
stationary distribution Π conveys useful information about the underlying data structure
of the graph [31].
(t)

Suppose there are K agents on a graph, then pk is the probability distribution of agent k
at time t. Similar to (14), random movements of agent k are defined as follows:
(t+1)

pk

(t)

(t)

= (1 − )Apk + rk , k = 1, ..., K.[3]

(15)

The interaction of random walkers is determined by determining the restart distribution
as
(t)

(t−1)

rk = (1 − δ t )rk

+ δ t φk (ρ(t) )[3],

(16)

where the function φk is referred to as the restart rule. It determines a probability distri-
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bution φk from ρ(t) = {p( t)k }K
k=1 , which is the set of the probability distributions of all
agents at time t.
By designing the restart rule φk in (16), a variety of agent interactions might be simulated
to achieve a desired goal. In [3] the repulsive restart rule was used for clustering data.
To cluster images using random walkers, the graph G is constructed with nodes V corresponding to superpixels, which are obtained using simple linear iterative clustering
(SLIC) superpixels [32]. For the edge set E, the edge connection scheme from [33] is
used. For each edge eij , the affinity weight wij is defined by employing the dissimilarity
function
d(xi , xj ) =

X

λl dl (xi , xj ),

(17)

l

where xi , xj ∈ V and eij connects xi and xj , λ is empirically determined weight [3]. Five
dissimilarities dl of node features are proposed in [33], including RGB and LAB superpixel means, boundary cues, bag-ofvisual-words histograms of RGB and LAB colors
[34]. The main steps of the approach are presented in Algorithm 4.

Algorithm 4: Multiple Random Walkers (MRW) [3].
Input : Graphs G = {G1 , ..., GZ } for a set of input images I
Output: Segmentation maps C = {C1 , ..., CZ }
1 Initialize P(u) = {pf (u) , pb(u) } for each Iu
2 repeat
3
foreach image Iu do
4
Compute inter-image concurrence;
5
Cluster intra-image MRW;
6
Extract foreground C = C1 , ..., CZP
;
7
Compute the foreground distance u,v df (Cu , Cv ) ;
8
end
9 until The foreground distance stops decreasing;
10 Refine pixel-level.
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4
4.1

EXISTING DATABASES
Co-segmentation databases

The iCoseg dataset [35] is a large binary-class image co-segmentation dataset, which
contains 38 groups with a total of 643 images. The content of the images includes a wide
range of objects including five groups of wild animals (bears, elephants, geese, cheetahs,
pandas). Each group contains images of similar object instances as well as instances
where objects are deformed considerably in terms of viewpoint and illumination, and in
some cases, only a part of the object is visible. The examples of images of the database
are illustrated in Figure 6.
The FlickrMFC dataset [2] is the only dataset for multiple foreground co-segmentation,
which consists of 14 groups of manually labeled image. The image content covers daily
scenarios such as children-playing, fishing and sports. The content also includes a number
of image sets with animals (gorillas, cows, dogs, dolphins, parrots, swans). The examples
of animal images from the FlickrMFC dataset are illustrated in Figure 7. This dataset
contains a number of repeating subjects that are not necessarily presented in every image.
Some images include strong occlusions, lighting variations, or scale or pose changes.
The MSRC co-segmentation dataset [16] has been used to evaluate image pair binary cosegmentation. The dataset contains 25 image pairs with similar foreground objects but
heterogeneous backgrounds. Some pairs of the images are picked such that they contain some camouflage to balance database bias which forms the baseline co-segmentation
dataset.

4.2

Manually segmented wild animal databases

The Saimaa ringed seals database is a unique photo-ID database of Saimaa ringed seal
images collected by University of Eastern Finland for the SealVision project. A subset
of the images has been manually segmented [5]. The database contains 1044 images of
Saimaa ringed seals and the total amount of manually segmented images is 392 (Figure
8). Most of the images contain one individual Saimaa ringed seal, and only few images
contain two or more individuals [5].
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Figure 6. Examples of images from the iCoseg dataset. [36]

Figure 7. Examples of images from FlickrMFC dataset. [37]
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Figure 8. Examples of images from the Saimaa ringed seals database. [5]

4.3

Wild animal databases

Animals with Attributes (AWA) dataset [38] is a wild animal image dataset, which contains over 30,000 animals images of 50 animal types with six pre-extracted feature representations for each image. Examples of animal images are displayed in Figure 9.
The wild zebra database from field photographs [39] is a large zebra database used for
creation of a biometric database of individual zebras differentiated by their coat markings.
The database includes zebra photographs of two different population and the metadata of
photographs with the same zebra individual, generated by a pattern recognition algorithm.
Neither AWA nor wild zebra database does not contain manual segmentation of animals,
so they are not applicable for evaluation of co-segmentation methods, but they still can be
used for visualization of results and manual analysis of the methods.

25

Figure 9. Examples of images from the AWA dataset, modified from [38].
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5
5.1

EXPERIMENTS
Datasets

The comparison of the selected co-segmentation methods was performed using three subsets of the manually segmented Saimaa Ringed Seals dataset which were selected in increasing complexity. The first subset, called the SealVision easy subset includes five
relatively simple images for co-segmentation with clear contrast between seal and background. The illumination is similar and there are no large obstacles in the images such as
hands, tree branches or stones. The second subset, called the SealVision medium dataset
was designed to be more realistic. It includes lighting variations, obstacles like hands and
tree branches, but the images still have clear contrast between seal and background. The
last subset, called the SealVision hard dataset contains all types of seals snapshots, including the most challenging ones with strong obstacles and grayscale night time images
where the boundary of an animal is almost invisible.
Another group of experiments was performed using animal images from the iCoseg dataset.
These groups contain strong obstacles, but the illumination variation is relatively small.
The characteristics of the datasets are summarized in Table 1. Table 2 illustrates the example images from each dataset.
Table 1. Characteristics of the datasets used in the experiments.

SealVision
Easy Medium Hard

Number of images
Multiple animals in
one image
Strong obstacles
Minor obstacles
Night time images
Illumination variation

5
-

20
-

239
-

Alaskan
brown
bear
20
+

-

+
+

+
+
+
+

+
+

iCoseg
Elephants Goose

16
+

32
+

+
+

+
-
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Table 2. Examples of images from the datasets used in experiments.

SealVision (easy)

SealVision (medium)

SealVision (hard)

iCoseg (alaskan brown bear)

iCoseg (goose)

iCoseg (elephants)
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5.2

Evaluation criteria

For evaluation of co-segmentation methods each obtained binary matrix was checked for
the similarity with the corresponding ground truth. For measuring similarity the Jaccard
measure [40] was chosen which is a common measure for segmentation performance.
Suppose that the image I has ground truth IGT , represented as binary mask and IS is the
segmentation result of image I which is needed to be evaluated. Then the definition of
the Jaccard measure is
SJaccard =

|IS ∩ IGT |
.
|IS ∪ IGT |

(18)

Figure 10 illustrates IS ∩ IGT and IS ∪ IGT in segmented seal picture compared with the
ground truth. The Jaccard measure for this case is 0.74.

(a)

(b)

(c)

Figure 10. Visualization of Jaccard measure calculation: a) Ground truth (IGT ); b) Segmentation
example (IS ); c) White area is IS ∩ IGT , union of white and gray area represent IS ∪ IGT .

The correct segmentation is defined based on the threshold of the Jaccard measure. For
example, if the threshold is 0.6 then at least 60% of a segmented image must match the
ground truth. To evaluate the performance of a co-segmentation method the number of
correctly segmented images (Ncorrect ) was calculated with respect to different thresholds
of the Jaccard measure. As the threshold increases Ncorrect decrease, so the better the
method, the less the number Ncorrect decreases with the increasing threshold.

5.3

Description of experiments

Four co-segmentation methods were chosen for the accuracy comparison: 1) Discriminative Clustering (DC) [1], 2) Multiple Foreground Co-segmentation (MFC) [2], Multiple
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Random Walkers (MRW) [3] and Distributed Co-segmentation via Submodular Optimization (CoSand) [4], described in Chapter 3. To measure the similarity with the ground truth,
presented as manually segmented binary masks, the Jaccard measure (18) was used. As
the evaluation by this criterion requires the binary mask of the segmented images, cosegmentation results were processed for achieving the binary matrices.
The DC approach provides results as a matrix with three types of labels: foreground,
background, and unknown pixels. For obtaining the binary format all the unknown pixels
were set as the background. The selected number of classes was two, as the majority of
test images contain only one animal, which means separating one foreground class from
the background.
CoSand requires the predefined number of clusters k. Experiments showed that in the
testing dataset k = 3 perform better than k = 2, as the algorithm tends to segment the
brightest object in an image, such as blue water. The output of the algorithm represents a
labeled image with k number of labels. Typically, an animal is presented in the center of
images so for obtaining the binary format, the cluster which intersects the borders of the
image less was selected as the foreground.
The MFC and MRW approaches provide directly the binary mask so the processing of the
resulting images was not needed.

5.4

Results

Each selected co-segmentation method was tested using datasets described in Section
4.1. Examples of obtained co-segmentation results are shown in Table 3. Table 4 shows
the comparison of the mean values of the Jaccard measure for obtained results for each
dataset. Figures 11-16 show the percentage of images which were segmented correctly
with respect to increasing threshold for each dataset and Figure 17 shows the overall result
for six subsets combined together. Figures 11-16 show that in all six cases with different
datasets the MRW algorithm achieved the best results. The mean Jaccard measure is
the highest for each dataset (see Table 4). DC and MFC show relatively similar results,
except for the SealVision medium dataset (Figure 12) and the iCoseg bears subset (Figure
16) where DC performs better than MFC. CoSand performs better than DC and MFC on
the SealVision easy dataset (Figure 11), but in other cases CoSand performed relatively
similar to MFC and DC.
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Table 3. Examples of co-segmentation using selected methods.

original image

DC

MFC

CoSand

MRW

SealVision (easy)

SealVision (medium)

SealVision (hard)

iCoseg (alaskan brown bear)

iCoseg (goose)

iCoseg (elephants)

Table 4. The comparison of the mean Jaccard measure of co-segmentation results compared with
the ground truth.

SealVision (easy)
SealVision (medium)
SealVision (hard)
iCoseg (alaskan brown bear)
iCoseg (elephants)
iCoseg (goose)
All the datasets combined

MRW
0.89
0.87
0.48
0.56
0.67
0.69
0.54

DC
0.59
0.66
0.21
0.47
0.31
0.39
0.29

MFC
0.48
0.39
0.18
0.13
0.25
0.36
0.21

CoSand
0.78
0.41
0.17
0.18
0.21
0.24
0.20

percentage of correctly segmented images
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0.6
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0.9

1

threshold

percentage of correctly segmented images

Figure 11. Percentage of correctly segmented images with respect to increasing threshold on the
Saimaa ringed seals easy subset.
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Figure 12. Percentage of correctly segmented images with respect to increasing threshold on the
Saimaa ringed seals medium subset.

percentage of correctly segmented images
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1

threshold

percentage of correctly segmented images

Figure 13. Percentage of correctly segmented images with respect to increasing threshold on the
Saimaa ringed seals hard subset.
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Figure 14. Percentage of correctly segmented images with respect to increasing threshold on the
iCoseg subset with elephants.

percentage of correctly segmented images
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Figure 15. Percentage of correctly segmented images with respect to increasing threshold on the
iCoseg subset with goose.
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Figure 16. Percentage of correctly segmented images with respect to increasing threshold on the
iCoseg subset with bears.

percentage of correctly segmented images

34

100
MRW
CoSand
DC
MFC

90
80
70
60
50
40
30
20
10
0
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

threshold
Figure 17. Percentage of correctly segmented images with respect to increasing threshold on all
six subsets combined together.
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6

DISCUSSION

In this study four co-segmentation methods were tested: 1) Discriminative Clustering
(DC) [1], 2) Multiple Foreground Co-segmentation (MFC) [2], Multiple Random Walkers
(MRW) [3] and Distributed Co-segmentation via Submodular Optimization (CoSand) [4].
Testing was performed on wild animal datasets described in Section 5. Jaccard measure
was used for similarity measure between the segmentation result and the ground truth.
The experiments showed that the Multiple random walkers approach performed better
then other three algorithms in all six cases of different datasets (see Figures 11-17). The
mean Jaccard measure is the highest in each case (see Table 4) and exceeds 0.5 for each
subset.
DC showed high mean Jaccard measures on the SealVision easy and the medium subsets
(0.5911 and 0.6650 respectively), but in other cases the mean Jaccard measure was lower
than 0.5. According to percentage of correctly segmented images, DC performed better
than CoSand and MFC on the SealVision medium subset (Figure 12) and the iCoseg bears
subset (Figure 16). In other cases the accuracy was relatively similar to CoSand and MFC.
CoSand achieved higher mean Jaccard measure than DC and MFC on the SealVision easy
subset (0.7784), but in all other cases the Jaccard measure was less than 0.5. According to
percentage of correctly segmented images, CoSand performed better than DC and MFC
on the SealVision easy subset (Figure 11), but in other cases the accuracy was close to
MFC.
As it can be seen from Table 4 and Figures 11-17 MFC performed relatively similar to
DC and CoSand, but the mean Jaccard measure was less than 0.5 on each dataset.
In the future work co-segmentation methods can be further analyzed by considering multiple objects in image. The performance can be improved by enhancing input images,
for example by increasing contrast. Another direction of development is applying cosegmentation approaches on video for tracking purposes.
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7

CONCLUSION

The objective of this study was to survey existing co-segmentation methods with respect
to the task of wildlife photo-identification, to overview existing databases for the testing
and evaluating the methods and to compare publicly available co-segmentation methods.
In the experiments two databases with manually segmented ground truth were used: 1)
iCoseg, 2) Saimaa Ringed Seals database (SealVision). For detailed analysis of methods three subset were selected in increasing complexity: 1) SealVision easy subset, 2)
SealVision medium subset, 3) SealVision hard subset.
Four methods were selected for the experiments: 1) Discriminative Clustering (DC) [1],
2) Multiple Foreground Co-segmentation (MFC) [2], Multiple Random Walkers (MRW)
[3] and Distributed Co-segmentation via Submodular Optimization (CoSand) [4]. The
Jaccard measure was used for calculation of similarity between the ground truths and the
output binary masks. The results showed that in all cases MRW performed better than
other three methods.
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