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Abstract. In this work, a method for finding the optimal path from an initial point to a final one 
in a previously defined static search map is presented, based on Ant Colony Optimization 
Meta-Heuristic (ACO-MH). The proposed algorithm supports the avoidance of dynamic obsta-
cles; that is, once the optimal path is found and the robot starts navigating, if the robot’s route is 
interrupted by a new obstacle that was sensed at time t, it will recalculate an alternative optimal 
path from the actual robot position in order to surround this blocking object and reach the goal. 

Keywords: Ant Colony Optimization, Autonomous Mobile Robot Navigation, Fuzzy Logic, 
Path Planning. 

1   Introduction 

Nowadays, robotics is an essential part in manufacturing processes automatization. 
Concerning about mobile robots, autonomous navigation entails a great challenge. 
Mobile robots can be very useful in different situations where humans could be in 
danger or when they are not able to reach certain target because of terrain conditions. 
Then, the path planning is an interesting and challenge subject for research, and it has 
many different approaches. This paper proposes an ACO-MH based method for path 
planning founding the best route according to certain cost function. 

The ACO-MH is inspired in the foraging behavior of real ants for finding the opti-
mal path from the nest to where the food is. For communication method, some ant 
species use stigmergy, a term introduced by French biologist Pierre-Paul Grassé in 
1959. With stigmergy, each ant communicates with one another by modifying their 
local environment. The ants achieve this task by laying down pheromones along their 
trails [2]. ACO-MH solves mainly combinatorial optimization problems defined over 
discrete search spaces. The ant-based algorithms developed as a result of studies of 
ant colonies are referred as instances of ACO-MH [4]. As a first stage in this research 
work, the proposed method is based on the ACO-MH instance mainly: Simple Ant 
Colony Optimization (SACO).   
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There are some similar works like [6], where the robot has to visit multiple targets, 
like the traveling salesman problem but with the presence of obstacles. The robot in 
this case is modeled as a point robot; that is, the robot occupies an exact cell in the 
discrete representation of the workspace. Using several robots as ants, this robot team 
architecture has to be in constant communication with each other at all times to share 
pheromone information. There are some other approaches for similar tasks, like [10], 
where a new meta-heuristic method of ACO is proposed to solve the vehicle routing 
problem, using a multiple ant colony technique where each colony works separately. 
On the other hand, there are many path planning approaches by other soft computing 
techniques, such like Genetic Algorithms [1,5,8]. Then, as it can be observed in actual 
reports [7,9], the focus on ant algorithms is growing becoming an interesting alterna-
tive of solution for path planning. 

2   Simple Ant Colony Optimization Algorithm 

The SACO is an algorithmic implementation that adapts the behavior of real ants to 
solution of minimum cost path problems on graphs. A number of artificial ants build 
solutions for the optimization problem by issue and exchange information about the 
quality of these solutions making allusion to the communication system of the real 
ants [3]. 

Let be the graph G = (V,E), where V is the set of nodes and E is the matrix of links 
between nodes. G has nG = |V| nodes. Let be Lk the number of hops in the path built 
by ant k from the origin node to the destiny node. Therefore, it needs to be found: 

}|,...,{ CqqqQ ifa ∈=  (1) 

Where Q is the set of nodes representing a path at least continuous with no obstacles; 
qa,…, qf are former nodes of the path and C is the set of possible configurations of the 
free space. If xk(t) denotes a Q solution in time t, f(xk(t)) expresses the quality of the 
solution. In general terms, the steps of SACO are as follows: 

• Each link (i,j) is associated with a pheromone concentration denoted as ijτ  
• A number k = 1,…,nk are placed in the origin node (the nest). 
• On each iteration or epoch all ants build a path to the destiny node (the food 

source). For the next node selection it is used the probabilistic formula: 

⎪
⎪
⎩

⎪⎪
⎨

⎧

∉

∈
∑ ∈

k
i

k
i

Nj ij

ij

k
ij

Njif

Njif
t

t

tp k
i

0

)(

)(

)(
α

α

τ
τ

 (2) 

In Eq. 2, k
iN is the set of feasible nodes connected to node i with respect to ant k; 

ijτ  is the total pheromone concentration of link ij, where α  is a positive constant 
used as gain for the pheromone concentration influence.  
• Remove cycles and compute each route weight f(xk(t)). A cycle could be generated 

when there are no feasible candidates nodes, that is, for any node i and ant k, k
iN = 

Ø; then predecessor of that node i is included as a former node of the path.  
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• Compute pheromone evaporation using the Eq. 3. 

)()1()( tt ijij τρτ −←  (3) 

In Eq. 3, ρ  is the evaporation rate value of the pheromone trail. The evaporation is 

added to the algorithm in order to force the exploration of the ants, and avoid prema-
ture convergence to sub-optimal solutions. For ρ  = 1, the search is completely ran-

dom. While an ant takes more time for crossing a path, there is more time for the 
pheromone trail to evaporate. On a short path, which is crossed quickly, the density of 
the pheromone is higher. Evaporation avoids convergence to local optimums. Without 
evaporation, the paths generated by the first ants would be excessively attractive for 
the subsequent ones. In this way, exploration of the search space is not too restricted. 
• Update pheromone concentration by using Eq. 4. 
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• The algorithm can be ended in three different ways: 
− When a maximum number of epochs has been reached. 
− When it has been found an acceptable solution, with f(xk(t)) < ε . 
− When all ants follow the same path. 

3   The ACO-MH Based Proposed Method 

3.1   The Search Area Design 

This approach makes some improvements over the SACO algorithm and adaptations 
for the mobile robot routing problem of this research work. The map where the mo-
bile robot navigates is a search space discretized into a matrix representing a graph of 
50x50 nodes, where 0 means a feasible node (plain terrain) and 1 are obstacles. It is 
remarkable to say that each artificial ant of the algorithm is a scale representation of 
the real mobile robot, which means the proposed method considers robot’s dimen-
sions; for example, there are going to be situations during the optimization process, 
where some paths are rejected if the robot doesn’t fit in the space between two obsta-
cles. In this case the Boe-Bot® of Parallax is used for the model. The 50x50 map 
represents a 4m2 area.  

For this method, is assumed all nodes are interconnected. In a map with no obsta-
cles, there are 2500 feasible nodes; therefore the matrix of links E would be extremely 
large. For this reasons E is not used, and the pheromone amount value is assigned at 
each node, which reduces considerably the complexity of the algorithm and then the 
processing time. This is equivalent to assign the same pheromone concentration to the 
eight links around every node. If an analogy with reality is made, this can be seen as 
ants leaving food traces in each node they are visiting, instead of a pheromone trail on 
the links. 
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3.2   The Node Selection Process 

Once the ants are placed in the origin node, each ant starts navigating, and the deci-
sion process for choosing the next node consist in a 3x3 window of the whole graph. 
The ant can choose one of the 8 nodes around it, and the transition probability (2)  
is now: 
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Where ξ  represents the Euclidean distance between the candidate node and the des-

tiny node, [ )∞∈ ,0β  amplifies the influence of ξ , and a memory capability γ  is 

added to ants. The value γ  represents how many nodes can remember the ant. After 

γ  iterations of the building routes process, this memory is “erased”, and the count 

starts again. Further analysis of these new parameters is made in the Simulation Re-
sults section of this paper. 

3.3   The Fuzzy Cost Function 

The cost of the path f(xk(t)) to determine the optimal one is evaluated by a Fuzzy In-
ference System (FIS), which contemplates not only the length of the path but the dif-
ficulty for the navigation. The FIS considers two inputs: effort and distance. The first 
one represents the energy spent by the robot to make turns across the path; for exam-
ple, the effort become increased if the robot has to make a left turn after a long 
straight line, because it has to decelerate more. Distance is the accumulated Euclidean 
distance at the moment between the visited nodes. The output is a weight assigned to 
the cost of the path; the more weight is given, the less desirable becomes the path. 
The output of the FIS is added to the total Euclidean distance of the path, giving the  
 

Table 1. FIS variables 

Input variables Output variable 

Effort Distance Weight 

NE: Normal Effort 
BE: Big Effort 
VBE: Very Big Effort 

VSD: Very Small Distance 
SD: Small Distance 
D: Distance 
BD: Big Distance 
VBD: Very Big Distance 

MW:Minimum Weight 
SW: Small Weight 
W: Weight 
BW: Big Weight 
VBW: Very Big Weight 



794 M.A.P. García et al. 

Table 2. Fuzzy associative memory of the FIS 

  Distance 
 VSD SD D BD VBD 
NE MW SW W BW VBW 
BE W W BW VBW VBW E

ff
or

t 

VBE W W BW VBW VBW 

final weight of each one generated by ants. In case there are different routes with the 
same length, the FIS should make a difference of cost giving preference to the 
straighter paths. The FIS variables can be seen in Table 1 and the associative memory 
of the FIS is shown in Table 2. 

3.4   Dynamic Obstacles Generation 

The algorithm has the capability of sensing changes in the environment, if a new ob-
stacle is placed over the robot’s route at time t, it starts a rerouting process in order 
to avoid the blocking object and get to the destiny node. It has to be considered that 
after some epochs, the pheromone concentration ijτ  is already increased over the 

visited nodes; then, when a new obstruction appears, it causes evaporation of the 
pheromone trail around it. This premise prevents stagnation around the obstacle, and 

ijτ  of the surrounding area is given by the minimum pheromone value over the 

search map at t. 

4   Simulation Results 

The experiments results reported in this paper have the same parameter adjustment for 
k = 3, ijτ  = 0.5, ρ  = 0.2 and α  = 2. The first considered scenario is the one with no 

obstacles. Figure 1(a) shows the path generated by the first ant in the first iteration of 
the algorithm, with β =0 and γ =1. As it can be seen, unnecessary and excessively 

exploration of the map is made by the ant, since there is no obstacles in the whole 
area. Figure 1(b) displays how a bigger value of γ  reduces considerably the excessive 

exploration, by adding the memory capability to the ant, but without the help of γ , in 

Figures 1(c) and 1(d) it can be observed how increasing the value of β  is enough to 

make the algorithm more efficient. For β =1, the optimal path -the diagonal between 

the nodes- can be found in less than three epochs, and it takes approximately 1 second 
to get the optimal solution, which is shown in Figure 2(a). 

At the moment, an analysis about β and γ  has been made. Figure 3(a) presents a 

more complex map and the optimal path given by the algorithm, where the algorithm  
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Fig. 1. (a) Route generated by the first ant in the first epoch, with β  = 0 and γ  = 1, (b) same 
situation but with β  = 0 and = 100, (c) The routes of three ants in the first epoch with β  = 0.1 
and γ  = 1, (d) same situation but with β  = 0.5 and γ  = 1 

is more sensitive to variations of the parameters. Changes in the values of α , ρ   

and k mostly, influence the execution time and the effectiveness of the algorithm  
considerably. 

Figure 2(b) shows the same first scenario, but now it has been added 3 new obsta-
cles dynamically in different times t, t+1 and t+2. The ants were able to surround the 
blocking object and finally reach the goal.  

In Figure 3(a), with k =3, β =0 and γ =1, adjusting α =0.5 and ρ =0.2, the algo-

rithm takes approximately 180 seconds and 130 epochs to find the optimal path. This 
causes more exploration but less exploitation. Making α =2 and ρ = 0.35, it takes 

around 75 seconds to find the optimal path in 20 epochs.  
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Fig. 2. (a) Optimal path found by the algorithm after one or two epochs with β  = 1 and γ  = 1, 
(b) generated routes after addition of obstacles dynamically at time t, t+1 and t+2 

Figure 3(b) shows a frame from the Boe-bot® model animation navigating over the 
path, ensuring the mobile robot dimensions fits in the free space area crossed by the 
route. Another example of dynamic search map can be observed in Figure 4(a), where 
the robot model is crossing over the alternative route given by the algorithm. 

Figure 4(b) displays a completely different map, with major randomness in the  
obstacles positioning. At first sight it can be noticed the path is not the optimal one. 
There are some turns that are not desirable, like the one around the circle. 

  

Fig. 3. (a) Example of the optimal path found by the algorithm, (b) A frame of the Boe-bot® 
model animation following the final route 
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Fig. 4. (a) Alternative route given by the algorithm after a new obstacle appears at time t and 
the Boe-bot® model following the modified path, (b) Another search area, with major random-
ness in the obstacles positioning. The circle indicates a not desirable movement in the path 

This kind of issues are intended to be corrected by the fuzzy cost function, but the 
method is not fully tested yet and every different scenario has its own particular fea-
tures; they may need different parameters settings in order to get optimal solutions at 
a reasonable time. However, these are satisfactory results that allow seeing the  
proposed method as an effective path planning tool and it is getting improvements. 

5   Conclusions 

The ACO-MH proposed method seems to be a promising path planning system for 
autonomous mobile robot navigation since the given solutions are not only paths, but 
the optimal ones. It is remarkable to mention the reduced time of execution compared 
to other soft computing techniques. Nevertheless, as seen in the previous section, 
there are several details to consider for making a more robust and efficient algorithm. 
For future work, another ACO-MH is going to be used, such as MMAS (Max-Min 
Ant System) or ANTS (Approximated Non-deterministic Tree Search); the fuzzy cost 
function and the use of β  and γ  is still under research. At the moment, the method is 

been used with the real robot. 
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