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Abstract— RoboCup Rescue Simulation System is a suitable test-
bed for test and evaluation of multiagent system’s related ideas 
and techniques. Hence, the world RoboCup competitions is hold 
each year and the used ideas and techniques are evaluated in the 
form of different teams. Almost all of participated teams in the 
world RoboCup competitions use the shortest path algorithms 
(like dijkstra algorithm) for path planning. This means that the 
places visited by the agents are restricted to the cases that are 
located between the source and target in the shortest path. The 
main purpose of each team is to minimize the humanoid injuries. 
One of the most important and basic factors leading to reach this 
aim is to search and open the blocked roads so that the 
ambulances and fire brigades be able to rescue the injured 
civilians and to extinguish the burning buildings. This is the duty 
of police agents. With the start of simulation, the police forces 
should explore the earthquake area and open the blocked road 
and the status of explored areas to the fire brigade and 
ambulance agents. Hence, in the search phase it is suitable that 
we have an algorithm with a high exploration power, which is 
able to search and explore the largest area in the shortest time. 
We proposed a hybrid algorithm, which uses ant colony and 
learning automata and gives more exploration power to the 
agents. 
Keywords— search and exploration, ant colony optimization, 
learning automata, rescue simulation. 

I. INTRODUCTION 
The RoboCup Rescue simulation environment is a 

challenging multi agent domain where task need to be done 
collaboratively by heterogeneous agents [1].  For robotics and 
multi-agent researchers, RoboCup Rescue works as a standard 
platform that enables easy comparison of research results. The 
problem introduced by RoboCup Rescue brings up several 
research challenges that go from Intelligent Robotics to Multi-
Agent Systems (MAS) research. These research challenges 
include real-time flexible planning, multi-agent coordination 
and team formation, path planning and navigation, 
heterogeneous resource allocation and machine learning at the 
team level. In fact, the main goal in this domain is minimizing 
the damage by helping trapped agents, extinguishing fiery 
collapsed buildings, and rescuing damaged civilians. One of 
the most important and basic factors leading to reach this aim 
is to search and open the blocked roads so that the ambulances 
and fire brigades be able to rescue the injured civilians and to 
extinguish the burning buildings. This is the duty of police 
agents. With the start of simulation, the police forces should 
explore the earthquake area and open the blocked roads. The 

most of participated teams in the world RoboCup 
competitions use the shortest path algorithms (like dijkstra 
algorithm) for path planning. This means that the places 
visited by the agents are restricted to the cases that are located 
between the source and target in the shortest path. Hence, in 
the search phase it is suitable that we have an algorithm with a 
high exploration power, which is able to search and explore 
the largest area in the shortest time. In this paper, we propose 
a new hybrid algorithm, which uses ant colonies and learning 
automata that can be used to more flexibility and exploration 
power to the agents. 

 The content of this article is as followed: First, in section 1 
the ant colony optimization is introduced briefly. The learning 
automata is stated in section 2. The section 3 introduces the 
proposed algorithms. In section 4, we will evaluate the 
proposed algorithms in the learning and non-learning cases 
and finally we will compare the proposed algorithms with the 
base algorithm (as benchmark) in section 5. 

II. ANT COLONY  OPTIMIZATION 
Ant Colony Optimization, the first time proposed by Marko 

Dorigo [2], is a new class of natural algorithms inspired by the 
foraging behaviour of natural ant colonies [3]. The first 
algorithm was aiming to search for an optimal path in a graph; 
based on the behavior of ants seeking a path between their 
colony and a source of food. The original idea has since 
diversified to solve a wider class of Numerical problems, and 
as a result, several problems have emerged, drawing on 
various aspects of the behavior of ants. The field of ACO 
studies artificial Ant Systems for solving discrete optimization 
problems. For example, in the case of the finding the shortest 
path as an optimization problem, the problem description 
represented as a graph. The construction of the shortest path is 
motivated by how real ants find the shortest path from their 
nest to a food source and back. By analogy with the 
pheromone trail real ants use, each graphs’ edge, connecting 
node with node, has a variable associated with it. This variable 
represents the amount of pheromone on the edge, while 
moving ants add pheromone to the edges on their way. They 
move according to a probabilistic decision policy based on the 
amount of pheromone trail they “smell” on the graph’s edges. 
Positive feedback is thus implemented by reinforcing a trail 
on those edges. To avoid some premature convergence this 
pheromone trail evaporates over time and ants’ transitions to 



other nodes in the graph happen stochastic. The edges, which 
have more amount of pheromone, have high probability to be 
selected as path by ants.  

 
-Path selection in ACO  

At a time instance t, each node in graph has a number of 
ants that choose the next node to go to with a probability that 
is a function of the node distance and of the amount of 
pheromone trail present on the connecting edge. Every edge 
chosen will be updated with a value depending on the length 
of the tours. To avoid some premature convergence, this 
pheromone trail slowly evaporates. For the same reasons state 
transitions are stochastic. Communication is handled by the 
update of the pheromone trail, which is locally available for 
the other ants. An ant will move from node i to node j with 
probability pi,j : 
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(1) 

ηi,j = 1 / di,j where di,j  is the distance between  node i and 
node j and τi,j is the intensity of the trail on edge (i,j). α is a 
parameter to control the influence of τi,j and  β is a parameter 
to control the influence of ηi,j. 

 
-Pheromone update: 

After the ants in the system ended their tours, the trail 
values of every edge (i, j) are updated as follow:  

 
)1,()()1( ,,, +Δ+=+ tttt jijiji τρττ  (2) 

where ρ is a user-defined parameter called evaporation 
coefficient such that 0 ≤ ρ  ≤  1 and  
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  ),(, 1ttk
ji +Δτ is the quantity of length of trail substance laid 

on edge (i,j) by the kth ant between time t and t+1. The m 
parameter is total number of ants in the system. For more 
information, the reader may refer to [3]. 

III. LEARNING AUTOMATA 
 Learning Automata are adaptive decision-making devices 

operating on unknown random environments [4]. The 
Learning Automaton has a finite set of actions and each action 
has a certain probability (unknown for the automaton) of 
getting rewarded by the environment of the automaton. The 
aim is to learn to choose the optimal action (i.e. the action 
with the highest probability of being rewarded) through 
repeated interaction on the system. If the learning algorithm is 
chosen properly, then the iterative process of interacting on 
the environment can be made to result in selection of the 
optimal action.  

Figure 1 illustrates how a stochastic automaton works in 
feedback connection with a random environment. Learning 

Automata can be classified into two main families: fixed 
structure learning automata and variable structure learning 
automata (VSLA) [5]. In the following, the variable structure 
learning automata is described. In a variable-structure 
stochastic automaton, the probabilities of the various actions 
are updated on the basis of the information the environment 
provides. Action probabilities are updated at every stage using 
a reinforcement scheme. It is defined by a quadruple 
{ }ΤΡ,,,βα for which α is the action or output set 

{ }rααα ,...,, 21  of the automaton,β  is a random variable in 
the interval [0,1], P is the action probability vector of the 
automaton or agent, and T denotes an update scheme. 

 
Figure 1. Learning automata - environment 

The output of the automaton is actually the input to the 
environment. The input β  of the automaton is the output of 
the environment, which is modelled through penalty 
probabilities ci with rici i ..1:],|[ αβ= . Important examples 
of linear update schemes are linear reward–penalty, linear 
reward–inaction, and linear reward–ε penalty. The philosophy 
of those schemes is essentially to increase the probability of 
an action when it results in a success and to decrease it when 
the response is failure. We used the following reward–penalty 
scheme for our algorithm:  

-In desired (success) case: 
)](1[)()1( npanpnp iii −+=+  (4) 

)()1()1( npanp jj −=+  (5) 

-In undesired (failure) case: 
)()1()1( npbnp ii −=+  (6) 

ijjnpbrbnp jj ≠∀−+−=+ )()1()1()1(  (7) 

 
a, b are the reward and penalty parameters, respectively. 

Parameter r is the number of automaton’s actions. When a = b, 
the algorithm is referred to as linear reward–penalty (LRP); 
when b = 0, it is referred to as reward–inaction (LRI); and 
when b is small compared to a, it is called linear reward–ε-
penalty (LRεP). An LRP scheme tends to equalize the penalty 
rates of the various actions, while an LRεP scheme tends to 
equalize the penalty probabilities. Detailed information about 
learning automata can be found in [5]. 

IV. HYBRID SEARCH AND EXPLORE ALGORITHM 
The proposed algorithm for search and explore uses ant 

colony and learning automata in a hybrid case. In order to 

Environment 

Learning Automata 
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