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Abstract. Semi-supervised learning methods employ both labeled and
unlabeled data in their training process. Therefore, they are commonly
applied to interactive image processing tasks, where a human specialist may label a few pixels from the image and the algorithm would
automatically propagate them to the remaining pixels, classifying the
entire image. The particle competition and cooperation model is a recently proposed graph-based model, which was developed to perform
semi-supervised classification. It employs teams of particles walking in
a undirected and unweighed graph in order to classify data items corresponding to graph nodes. Each team represents a class problem, they
try to dominate the unlabeled nodes in their neighborhood, at the same
time that they try to avoid invasion from other teams. In this paper,
the particle competition and cooperation model is applied to the task
of interactive image segmentation. Image pixels are converted to graph
nodes. Nodes are connected if they represent pixels with visual similarities. Labeled pixels generate particles that propagate their labels to
the unlabeled pixels. Computer simulations are performed on some realworld images to show the effectiveness of the proposed approach. Images
are correctly segmented in regions of interest, including non-contiguous
regions.
Keywords: semi-supervised learning, interactive image segmentation,
machine learning, particle competition and cooperation
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Introduction

Image segmentation is considered one of the most difficult tasks in image processing [23]. It is the process of dividing a digital image into parts (sets of
pixels), identifying regions, objects or other relevant information [30]. Fully
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automatic methods are usually limited to simpler or specific types of images.
Therefore, interactive image segmentation approaches, where some user input
is used to help the segmentation process, are of increasing interest in the last
decades [1, 2, 5, 7, 20, 21, 24, 26–29, 32].
Semi-supervised learning is an important class of machine learning classification techniques. They are usually applied to problems where unlabeled data is
abundant, but the process of labeling them is expensive and/or time consuming,
requiring the intense work of human specialists [19, 34]. Differently from supervised and unsupervised learning approaches, semi-supervised learning algorithms
employ both labeled and unlabeled data in their training process.
Many interactive image processing approaches are based on semi-supervised
leaning. In such scenarios, a human specialist can quickly label some easier pixels,
far from the boundaries, and the semi-supervised learning algorithm will then
propagate the labels to the remaining pixels, according to the similarity between
them, thus discovering regions or objects of interest.
Particle competition and cooperation is a graph-based semi-supervised learning method proposed recently [13]. It takes vector-based data sets and converts
them into non-weighted undirected graphs. Each graph node corresponds to a
data item, and edges are created between nodes corresponding to similar data
items. Teams of particles are created, with each particle corresponding to labeled
nodes. Cooperation takes place among particles in the same team, representing
the same label; while competition takes place among particles playing for different teams, representing different labels. Each team tries to dominate unlabeled
nodes near them, spreading their label, and preventing other teams from invading their territory. At the end of the iterative process, particles territory frontiers
are usually close to the boundaries between the classes of the problem. Therefore, by labeling each unlabeled node after the team that dominated it, high
classification accuracy is expected.
Most semi-supervised graph-based methods are similar [3,4,6,25,33,35], sharing the same regularization framework, differing only in the choice of a regularizer and a loss function [34]. The particle competition and cooperation method
is different, it applies label spreading in a local fashion while most other methods spread labels globally. In this sense, while most semi-supervised graph-based
methods have cubic computation complexity (O(n3 )), where n is data set size,
the particle competition and cooperation method approaches O(n) in most scenarios.
In spite of being a relatively new approach, particle competition and cooperation is already successfully extended and applied to some important machine
learning problems, like overlapped community detection [11, 12], learning with
label noise [10, 17, 18], learning with concept drift [9, 16], and combined active
and semi-supervised learning [8, 14, 15]. Notice that in all those scenarios, the
model was applied to vector-based and/or graph-based data, but not to images.
In this paper, the particle competition and cooperation model is employed
to perform interactive image segmentation. The image is first converted into a
graph, i.e., for each pixel in the image, a corresponding node is created in the
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graph. Each node is connected to its k-nearest neighbors. The distance between
two pixels is given by their position and visual characteristics. Each labeled pixel
also generates a particle that will be used to propagate its label to the unlabeled
pixels nearby. Figures 1 and 2 illustrate this process. Computer simulations
are performed on some real-world images and the results show that this is a
promising approach.
The remaining of this paper is organized as follows. Section 2 presents an
overview of the particle competition and cooperation method. Section 3, describes how the particle competition and cooperation model is applied to the
task of interactive image segmentation. Section 4 shows some computer simulations on real-world images. Finally, some conclusions are drawn on Section
5.

2

Particle Competition and Cooperation Overview

The original particle competition and cooperation method for semi-supervised
learning is detailed described in [13]. It employs non-weighted undirected graphs
which are built based on the data set to be classified. For each data item, a
corresponding graph node is created. Edges are created between nodes if they are
close to each other in the original feature space. Usually, each node is connected
to its k-nearest neighbors using the Euclidean distance.
For each labeled data item, a particle is created and its initial position is
set to the corresponding graph node. The particles are divided into teams. Particles representing the same class label play for the same team, while particles
representing different classes labels play for different teams. Particles on the
same team cooperate among themselves to dominate the unlabeled nodes in
their neighborhood. The different teams compete against each other. They try
to avoid intrusion of enemy teams in the territory they are dominating.
Each node has a set of domination levels, a level for each team. When a
particle visits a node, it increases its team domination level and it decreases the
other teams domination levels on that node. Each particle has a strength level,
which changes according to the domination level of its team in the node being
visited. Each particle also holds a distance table, with the distance from their
“home node” (the node where they started) to each node that they have visited
at least once. Distance tables are updated dynamically as particles walk on the
graph.
The particles walk in the graph and select the next node to be visited among
the neighbors of the current node. A random-greedy rule is applied to choose
which neighbor will be visited next. The particle stays on the chosen node only
if its team is currently dominating that node, otherwise it is expelled and goes
back to the previous node. At the end of the iterative process, each data item is
labeled after the team (class) with the highest domination level on it.
Regarding computational complexity, the particle competition and cooperation model is usually O(n) during the particle walking phase. The graph construction using brute force to find the k-nearest neighbors of each node is O(n2 ),
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(a)

(b)

(c)
Fig. 1. Proposed Method Segmentation Example: (a) original image to be segmented
(16x16 pixels); (b) original image with user labeling (green and red traces); and (c)
graph generated after the original image, where each image pixel corresponds to a graph
node. Labeled nodes are colored blue and yellow, and unlabeled nodes are colored grey.
Each labeled node will have a particle assigned to it.
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(a)

(b)
Fig. 2. Proposed Method Segmentation Example: (a) resulting graph after the segmentation process with nodes’ colors representing the labels assigned to them; and
(b) original image with the pixels colored after the resulting graph, where each color
represents different class.
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as noted in [13], but one may use a faster method, like k -d trees to find nearest
neighbors in logarithmic time [22].
Further details on the particle competition and cooperation approach are
found in [13].

3

Interactive Image Segmentation using Particle
Competition and Cooperation

Given a bidimensional image to be segmented with some pixels labeled by the
user, the set of pixels are reorganized as X = {x1 , x2 , . . . , xL , xL+1 , . . . , xN },
N
such that XL = {xi }L
i=1 is the labeled pixel subset and XU = {xi }i=L+1 is
the unlabeled pixels subset. L = {1, . . . , C} is the set containing the labels.
y : X → L is the function associating each xi ∈ χ to its label y(xi ). For each
unlabeled pixel xi ∈ XU , the proposed model will estimate y(xi ).
The following features are considered for each pixel: the three RGB (red,
green, blue) components, the three HSV (hue, saturation, value) components
(calculated from the RGB components using [31]), the average of each of these
six components (RGB+HSV) in the pixel and its (up to) 8 adjacent pixels, and
the average of standard deviation of the six components in the pixel and its (up
to) 8 adjacent pixels. The horizontal and vertical positions of the pixel in the
original image are also included in the feature set, totalling 20 features. For all
measures with adjacent pixels, we consider the 8 adjacent pixels on the image,
except for pixels on the image border, which have less (only 3 or 5) adjacent
pixels. All features are normalized to have mean 0 and standard deviation 1.
An undirected graph G = (V, E) is created, with V = {v1 , v2 , . . . , vN } as
the set of nodes, and E as the set of edges (vi , vj ). Each node vi corresponds
to a pixel xi . Two nodes vi and vj are connected if vj is among the k-nearest
neighbors of vi , or vice-versa, using the Euclidean distance between the xi and
xj feature values. Otherwise, vi and vj are disconnected.
For each node vi ∈ {v1 , v2 , . . . , vL }, corresponding to a labeled pixel xi ∈ XL ,
a particle ρi is created and its initial position is set to vi . Each particle ρj has
a variable ρω
j (t) ∈ [0, 1] which holds the particle strength, defining how much
a particle impacts a node it visits. The particles initial strength are set to the
maximum, ρω
j (0) = 1.
Each particle ρj also holds a distance table, which is dynamically updated
as the particles walk. Each table stores the distance between the particle initial
position and each node in the graph it visited at least once. The distance tables
dN
d1
di
are defined as ρd
j (t) = ρj (t), . . . , ρj (t)}. Each element ρj (t) ∈ [0 N − 1]
holds the distance in hops measured between node vi and the initial node of ρj .
Particles begin their journey knowing only that the distance to their initial node
is zero. Other distances are set to the largest possible value (n − 1).
Each node vi holds a domination vector viω (t) = {viω1 (t), viω2 (t), . . . , viωC (t)},
where each element viωc (t) ∈ [0, 1] corresponds to the domination level from the
team representing class c over P
the node vi . The sum of the domination levels in
C
each node is always constant, c=1 viωc = 1.
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Nodes which correspond to labeled pixels have constant domination levels,
i.e., they are fully dominated by the corresponding team/class and this never
changes. On the other hand, nodes which correspond to unlabeled pixels are
variable. They start with all teams/classes domination levels set equally, but
that changes as particles visits them. Thus, for each node vi , the domination
vector viω is set as follows:

 1 if xi is labeled and y(xi ) = c
(1)
viωc (0) = 0 if xi is labeled and y(xi ) 6= c .
1
C if xi is unlabeled
When a particle ρj visits a unlabeled node vi , the node domination levels are
updated as follows:

0.1ρω
j (t)

max{0, viωc (t) − C−1
}



c
if c 6= ρP
j
viωc (t + 1) =
,
(2)

viωc (t) + r6=c viωr (t) − viωr (t + 1)


 if c = ρc
j
where ρcj represents the class label of particle ρj . Each particle ρj changes the
node its visiting vi by increasing the domination level of its team (viωc , c = ρcj )
and, at the same time, decreasing the domination levels of other teams (viωc ,
c 6= ρcj )). Notice that nodes which correspond to labeled pixels have constant
domination levels, thus (2) is not applied to them.
A particle strength depends on the domination level of its team on the node
it is visiting. Thus, at each iteration, the particle strength is updated as follows:
ωc
c
ρω
j (t) = vi (t), where vi is the node being visited, and c = ρj .
When a particle visits a node vi , it updates its own distance table as follows:
(
d
d
ρj q (t) + 1 if ρj q (t) + 1 < ρdj i (t)
di
ρj (t + 1) =
,
(3)
di
ρj (t) otherwise
d

where ρj q (t) is the distance from the last visited node to the initial node of the
particle ρj , and ρdj i (t) is the distance from the node being visited to the initial
node of the particle ρj . The distances are calculated dynamically. Particles do
not know the graph structure. Unknown distances are calculated as the particles
walk, and known distances are updated when particles naturally find shorter
paths.
At each iteration, each particle ρj chooses a node vi to visit among the
neighbors of the node it currently is. The probability of choosing a neighbor
node vi is given by: a) the particle team domination on it, viωc , and b) the
inverse of the node distance to the particle initial position, ρdj i , as follows:
p(vi |ρj ) =

Wqi viωc (1 + ρdj i )−2
Wqi
+ PN
,
PN
d
2 µ=1 Wqµ
2 µ=1 Wqµ vµωc (1 + ρj µ )−2

(4)
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where c is the class label of particle ρj , q is the index of the node the particle
ρj currently is, Wqi = 1 if there is an edge between vq and vi , and Wqi = 0
otherwise. A particle stays on the chosen node only if, after applying (2), its
team is dominating that node; otherwise, a shock happens and the particle goes
back to the last node, and it stays there until the next iteration.
The average of the maximum domination levels of each node (hviωm i, m =
arg maxc viωc ) is used as stop criterion. When this measure does not increase after
a sufficient amount of iterations, the algorithm reached fair levels of stability, so
it stops. The class of the dominating team is assigned to each unlabeled node.

4

Computer Simulations

In this section, some computer simulations using real-world images are presented
to show the effectiveness of the proposed method. The parameter k = 100 is
fixed, as it was empirically observed that it provides good results with the tested
images.
The first experiment is performed on a Landsat satellite image from the
Jaguari Reservoir in Brazil4 . Figure 3a shows the original image with 1280 × 960
pixels. Figure 3b shows the image with some user labeling. Finally, Figure 3c
shows the segmentation results by the proposed method, separating the water
from the land. Notice that the algorithm actually resizes the image to 320 × 240
for faster processing.
The second experiment is performed on a picture of some flowers, shown
in Figure 4a with 1536 × 1536 pixels. Figure 4b shows the image with some
user labeling and Figure 4c shows the segmentation results by the proposed
method, which correctly distinguishes between flowers and leafs. In this case,
the algorithm resizes the picture to 256 × 256 for faster processing.
Finally, the third experiment is performed on a picture of some ducks, shown
in Figure 5a with 3648 × 1824 pixels. Figure 5b shows the image with some user
labeling on a single duck and a small portion of grass. The segmentation results
by the proposed method are presented on Figure 4c. All the ducks were correctly
identified and detached from the grass, even though only one of them had user
labeled pixels. For this simulation, the algorithm resizes the picture to 304 × 152
for faster processing.

5

Conclusions

This paper has employed the semi-supervised learning graph-based model known
as particle competition and cooperation to perform interactive image segmentation. In that model, particles walk in a unweighed and undirected graph created
from the image to be segmented. Particles representing the same problem class
play for the same team, thus they cooperate with each other to dominate the
4

Available at the NASA Earth Observatory - http://earthobservatory.nasa.gov/
IOTD/view.php?id=84564
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(a)

(b)

(c)
Fig. 3. Jaguari Reservoir: (a) original image, (b) image with user labeling (yellow and
cyan traces), and (c) segmentation results by the proposed method.
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(a)

(b)

(c)
Fig. 4. Flowers: (a) original image, (b) image with user labeling (yellow and cyan
traces), and (c) segmentation results by the proposed method.
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(a)

(b)

(c)
Fig. 5. Ducks: (a) original image, (b) image with user labeling (yellow and cyan traces),
and (c) segmentation results by the proposed method.
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unlabeled pixels in their neighborhood. On the other hand, particles representing different problem classes play for different teams, thus they compete against
each other to avoid invasion from enemy teams in the nodes they are dominating.
Computer simulations using some real-world images were performed. The
proposed method was able to identify the objects of interest in all the proposed
scenarios, including non-contiguous classes, showing that this is a promising
approach to interactive image segmentation.
As future work, we intend to extract different image features, and to refine the
model to classify more types of images, including images from known repositories,
so we may easily compare the results with those obtained by some state-of-theart algorithms.
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