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1. INTRODUCTION

The story of six blind men and an elephant is a well-known parable that has been used as an analogy
in different fields, such as philosophy (Rumi et al. [1997]), biology (Lederman and Margolis [2008]),
and perception studies (Goldstein [2010]). Based on this story, six blind men face with an elephant for
the first time and they want to determine the shape of that just by touching it. Each man touches one
part of the elephant and arrives at a final reasoning which could be different from the other ones. This
parable, from a perception and recognition perspective, tells us that one cannot understand the whole
based on a set of unaligned partial observations.

One hollow in the six blind men parable is that the story did not address the concept of collaboration
between the observers. In other words, the final reasoning is just based on the observations made
by individual observers, as autonomous rational agents. However, in real-world problems, individual
observers collaborate to construct a final judgment.

Artificial intelligence algorithms that work based on the collaboration of multiple rational agents
have been studied extensively in the past decades. As an example, ant colony based algorithms are
well-known distributed algorithms that have been used to solve different problems such as Travelling
Salesman Problem (e.g., by Dorigo and Gambardell [1997]) or data mining problems (e.g., by Parpinelli
et al. [2002]). In ant colony algorithms, a significantly large number of agents (i.e., ants) with a very
limited computational power collaborating to solve a problem. A more general class of algorithms
similar to ant colonies are known as swarm intelligence which works based on the collaborative models
observed in other creatures such as bees or birds. As an example, Paikrao and Bose [2018] used swarm
intelligence for anomaly detection.

Ant colony algorithms have been previously used in image processing, machine vision, and computer
graphics. van Kaick et al. [2007] proposed to use an ant colony optimization technique for contour
matching in two dimensional spaces. Gopalakrishnan and Kuppusamy [2014] proposed an ant colony
optimization technique in medical image processing with the application in lung cancer detection.
However, in these studies, it is assumed that the collaborating agents have a uniform understanding of
the coordination system, i.e., their coordination systems are aligned with a global coordination system.

In this paper, we propose an unsupervised multi-agent approach for shape detection in a two dimen-
sional space. The proposed method works in a way similar to ant colony algorithms. Through simula-
tions we not only demonstrate the capabilities of the algorithm but also study the effect of different
parameters on the performance of the algorithm.

2. PROBLEM FORMULATION

Let us assume that an object is located in an n dimensional space, surrounded by a hyper-cube. The
shape of the object is unknown and is called as a black boxed object (BBO). The ultimate goal is to
determine the shape of the BBO using collaborating agents, called shape discovery agents (SDA), that
have unaligned coordination systems and can partially observe the object. The coordination system
of SDAs are unaligned which means that they have no prior information about their relative coordi-
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nation with respect to each other and also they do not use a global/centralized coordination system.
Furthermore, these agents can partially observe the object, i.e., their perception is local.

Definition 2.1. Walking Explorer: A shape discovery agent with an autonomous coordination system
and local observation capabilities is called a walking explorer if it can take one step per unit of time,
in only one of the n dimensions of the surrounding space.

Definition 2.2. Observability Ratio: The observability ratio of a shape discovery agent, represented
by ω, is the ratio of the black boxed object surface that can be observed by the agent through its life
span.

Let us assume that the area of the surface of an object is A and a walking explorer’s life span is T
time slots. Then, the observability ratio of the walking explorer is upper bounded by the ratio of the
life span of the SDAs and the area of the BBO. In other words

ω ≤ T

A
(1)

The reason is that during the life span of T , a walking explorer is able to observe at most T units of
the surface of the object. Hence, at most, walking explorer is able to observe T/A portion of the surface
of BBO.

Definition 2.3. Unsupervised Collaborative Shape Discovery: The problem of unsupervised collabo-
rative shape discovery is to discover the shape of a BBO using the collaboration of unaligned walking
explorers and without any centralized supervision.

In the following section, an algorithm is proposed for unsupervised shape discovery problem in a two
dimensional space.

3. UNSUPERVISED COLLABORATIVE SHAPE DETECTION

Let us assume that we have m walking explorers and the ultimate goal is to detect the shape of an
object in a 2-D space. The walking explorers have autonomous unaligned coordination systems and
partially observe the object. Therefore, each autonomous agent has to collaborate with other agents to
first build a unified coordination system and then, to extract the shape of the BBO.

3.1 Coordination Alignment

In order to align a set of different coordination systems, each walking explorer starts from a randomly
selected location on the BBO and while moving around, it keeps a list of the observed spots on the BBO,
marking them as visited spots. Initially, the jth explorer, assumes that the initial randomly selected
spot is at coordinate (0, 0). In time step t, the current position of the jth explorer is shown by πtj , and
hence, π0

j = (0, 0). Furthermore, each visited spot on the BBO is assigned a temporary coordination.
The temporary coordination of a spot θ is represented by [vθ, xθ, yθ, gθ], where vθ indicates that if the
spot has been visited by an agent or not, (xθ, yθ) is the temporary coordinates of θ, and gθ is the ID of
a group of spots that have been coordinated together, i.e. their coordinates are aligned.

At time step t + 1, an agent moves one step and updates its current coordinate from πtj to πt+1
j . By

observing a spot that has been already visited by another explorer, we are facing with two groups
of spots that belong to two different groups. Under this situation, the coordinates of the spots in the
smaller group are updated to be aligned with the coordinates in the larger group.

3.2 Unsupervised Shape Detection

By walking over the surface of the BBO, the jth agent visits T spots which are not necessarily different.
In other words, each walking explorer generates a trajectory during the T time steps of its life span.
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T = 1,m = 100 T = 5,m = 100 T = 10,m = 100 T = 20,m = 100

T = 10,m = 5 T = 10,m = 10 T = 10,m = 20 T = 10,m = 50

T = 10,m = 1 T = 50,m = 1 T = 100,m = 1 T = 500,m = 1

Fig. 1. An illustrative example of a shape discovery with different values of life span, T , and different number of agents, m.

Fig. 2. Original object used to do the simulations.

The second step in the algorithm is to use the extracted trajectories in order to discover the shape
of the BBO. For this purpose, a trajectory clustering algorithm is used to find different clusters of the
trajectories over the unified coordination system that has been constructed in the first step. These
clusters are then merged to construct the shape of the BBO.

4. SIMULATION RESULTS

In order to study the behavior and performance of the proposed algorithm, we performed extensive
simulations. In this paper, only one set of the results are presented. Simulation results with different
parameter settings in the search algorithm are illustrated in Figure 1. In this figure, different values
of T and m are used to show the final discovered shape of the object in 2-D space. The original BBO is
illustrated in Fig. 2. The last column in Fig. 1 illustrates how the shape is discovered by the proposed
technique.

In the proposed algorithm, walking explorers have a limited observability ratio and in order to be
able to discover the shape of the BBO, there is a reciprocal indirect relationship between the number of
agents, m, and ω. In other words, if ω is very small, we need to have a large number of agents to be able
to cover the whole surrounding box of the BBO during the search process. In Fig. 1, we can observe
that when T , the life span of the agents, is equal to 1 (i.e., the last row in the figure), shape of the BBO
can be discovered using a large number of agents (e.g. 500 agents in the last column). However, when
T = 10, BBO can be successfully discovered with only 50 agents.
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