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Abstract \/’

To achieve efficient search performance for the multi-robot system WhIC S out the
goal search task with consideration of timeliness, a multi-robqt collabor planning
system is designed to guide the robots during the search ’In th%m a planning
method based on an Improved Ant Colony Optimization ) algorkit roposed. In the
solution procedure, the path cost and goal timelin taken as t ptlmlzatlon goals.
Compared to the traditional optimization algor the | gorithm has global

superiority which brings about better solutione Experiment_resuits show that all robots
accomplish the search task safely and efficie colla@/e work using the proposed
approach. 6

Keywords: multi-robot; collaboratl@ plan%\% colony optimization; timeliness
1. Introduction AQ N 6

Task allocation in a mulgi=sobot syst problem of determining which robots should
execute which tasks in 0 achieve overall system goals [1]. Many approaches are
developed to solve o lem Wl&%tlmlzatlon criteria such as travel distance or time [2,
3]. However in s atlon ave to take the timeliness of the goal into consideration.
Timeliness r e |mp nc degree of goals, or the priority of goals. In some special
tasks such a after emergency evacuation, the consideration of priority of goals
is very importafit. As sho Figure 1, a robot needs to visit the goals set {1, 2, 3, 4, 5}, and
the black route is the @est one. While in some special circumstances, goal 2 (red one) is in
urgent and needs.fo earched earlier, thus the red route is more suitable for the real
situation than the k one in the search task. The route represented by the red line meets the
timeliness N@zment of the task with little sacrifice in path distance.
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Figure 1.Goal Timeliness
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In this paper, we focus on multi-goal search problem with timeliness for multiple robots. A
team of robots at the same starting goal take task to search multiple goals known on the map
and finally get back to the starting goal. It is similar to the classic Multi-Traveling Salesman
Problem (MTSP) [4]. However, we not only consider about the distance factor, but also take
the timeliness factor into consideration in this multi-goal search problem. Therefore, an
Improved Ant Colony Optimization (IACO) algorithm is employed to solve the task
allocation problem with consideration about shorter path as well as the timeliness
requirement. Based on the proposed IACO algorithm, we design a multi-robot collaborative
path planning system for search tasks with timeliness. The multi-robot system accomplishes
the whole search task with high efficiency and quality through the mutual cooperation
between robots.

The structure of the paper is as follows. In the second section, the architecture of tWﬁ—
robot system is introduced. The planning method is proposed in the thi on.
Experimental results are presented in the section four. The last section draws @ sion.

complete the search task. It contains three layers: cation\ayer¥path planning layer
and collaboration control layer as shown in Figure 2.

2. System Architecture ﬂ*
A hybrid multi-robot collaborative path planning stt?\i ignéd to glide all robots to

. !l

' Collaboration
Obstacle ~

\ .\;\ control layer

re 2. Q Architecture of the Multi-Robot System

2.1. Task Allocati er

The task allocation layer is to allocate the task based on the planning information which
contains th@%ﬁal environmental information as well as the information from the task itself.
The globgn'ronmental information refers to the map by which the task is carried out and
the tas@( ation refers to the positions and weights of all the goals in the search task. The
S is modeled as a MTSP and solved by the IACO algorithm. After this, the whole
se ask is divided to several sub-tasks for each robot to carry out. Each sub-task is a goal
sequence that the corresponding robot needs to search one by one.

2.2. Path Planning Layer

Task allocated from the task allocation layer is a goal sequence connected by Euclidean
line, not real path that the robot can track. In the IACO solving process, the path between two
goals is assumed as Euclidean path, while it’s not applicable to the real situation because of
some obstacles. Thus paths between goals need to be planned in the path planning layer. A*
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algorithm is a heuristic search method which is widely used in the path search between two
points on the map. And we employ it to plan the path between the two goals collected in the
goal sequence. After this, we change the goal sequence into a route that the robot can track to
complete its search task.

2.3. Collaboration Control Layer

All robots track their own route planned out from the path planning layer to complete their
own search tasks in the task environment. The path planning layer considers the collision
between robot and obstacle. During the process of the search task, collision may occur among
robots. Collaboration control layer deals with this problem. It controls a robot to track its
route, avoiding collision with other robots at the same time. Every robot sends its pose
information to the ‘central robot’ constantly. There is a ‘Blackboard’ in the ‘Centra

used to save the real time pose information with which the system can predlc ions
inside the system. One robot slows down and another keeps moving when a perhaps
earch task

occur between them. Using this collaborative method, all robotg can com%
safely. A

3. Algorithm OQ\

3.1. Mathematical Model ? %
Goals with timeliness search problem stuc@ his pape}’c be called as a MTSP which

is described as follows. There are n go artmg ®<cepted) N ={n,, ,n_}on the
known map with corresponding @ ={e,. ¢ \ }, and the position of each goal is
given, distance from goal i A is d ‘n he multi-robot system consists of m

robots M ={m ,m,, ", m }W ich*take t |t all goals on the map. The solutions are
m closed routes R ={r1, r rm} whi ake sure that all goals in N visited and visited

only once, wherein P\ o, g%:presents the goal set consists of ik goals that robot
m, needs to sear@ improvi iciency and quality of the search task, we add in
consideratio ﬂw goal timetiness in the optimization solution procedure. According to the
proposed seafgh problem paper, two optimization goals need to be quantified: the total
path distance (path co?b the total waiting times of the goals with timeliness (timeliness
cost).

Accurate path@etween two goals is unknown before the path is planned out, but we
can use the Euclidean distance instead in the optimization solution procedure. The total path
costs are the\%of all robots’ path cost, calculated by Eq. (1).

O Ly = > d(n;,n ., (0, eri) (1)
i=1 j=1
w:ere ri represents the goals set consists of ik goals that robot m, needs to search.

The timeliness cost of each goal with timeliness is the product of its waiting time and its
goal weight. The waiting time can be estimated by its path cost from the starting goal and the
velocity of the robot. Goal weight represents the urgency degree of the goal in the search task,
and higher weight value should be assigned to the more urgent goal based on the situation.
Total timeliness costs are the sum of all goals’ timeliness cost, calculated by Eq. (2).
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T,=Y Y&, xtn)  (n eri )

For the goal without timeliness requirement, its weight value ¢ is 0 and its time cost is also
0. Higher total timeliness costs of the entire search task represent that the planning result is
worse for the timeliness requirement and re-planning is a must. There are some constraints for
this mathematical model:

(@ [n/m|<ik<[n/m] (Balance search workload for each robot.)
(b) r,ur,uur =N (All goals should be searched.)
(¢) r,~r, =@ vr,r, e R (Each goal should be searched only once.)

*
3.2. IACO Algorithm ?y

The ability of real ants to find short paths between their nest and food C based on
the indirect communication by the use of pheromones. %ﬁavior colonies has
motivated the design of the Ant Colony Optimization (A ithm [5]- as proved that
the ACO has efficiency performance in NP hard co ral o im&u’ﬁ problem such as
Travelling Salesman Problem (TSP) and Quadratic ment m (QAP) [6].

Traditional ACO algorithm only takes the p@wosts as pheromone factor when dealing
0 a@

with MTSP, in this paper, we take timeling S as pheromone factor into the
solution procedure. Based on new pherd u@ actors,_an O algorithm is proposed to
solve this problem. Table 1 gives out theg8eldo cerK proposed IACO algorithm.

Table 1\|@ Algor,lt.isrﬁ}seudo Code
1 get the coordimeigs of all U@

2 calculate the inspire v.
3 set W%‘J r all goa

es for meters

4c
5% ong ndomly
ants
Qi (sea h@( is not complete)

ext goal according the probabilities }
ath_costs and timeliness_costs

the pheromone values

14, calculateprobabilitiesaccording the new pheromone values

N\ l 12 Select out the best route
3 if (the best route meets the planning demands)
O 14 { save the route and break }
O 15 else
@ 16{ back to 5}

17 return the best route

In the IACO algorithm, ants choose goal from the goal set consist of goals unsearched by
the probabilities repeatedly until all goals get searched (step 8 in Table 1). Probabilities of the
unsearched goals calculated in Eq. (3) are decided by the heuristic value » and pheromone

value - corresponding to the goal.
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. [r, (O [7, (1] k
py (1) = - —~  den 3)
> I, (01 I, (D]

leN S (1)

where p;(t) is the probability of ant k moves from goal i to goal j in the t times
iteration process, and goal j is form '« which is the unsearched goal set of ant k ; », (t) is
the heuristic value for ant moving from goal i to goal j, setas1/d(n ,n,), the inverse of
the distance between the two goals; -, (t) is the pheromone value for ant moving from goal i

to goal j, related to the whole solution.

After one iteration process, each ant’s traversal route is a solution for the goals with
timeliness search problem studied. For Ant-cycle Model adopted in the proposed
all ants have traversed all goals (an iterative process), pheromone value of e needs to

be updated (step 10 in Table 1). The ants with excellent solutions spray mone on
the path causing more ants choose this path later which for. ositive effect The
pheromone value updated through Eg. (4 - 6). In Eq. t) is th eromone value
sprayed on the path from goal i to goal jhby ant k’ et is
the total path cost of the search route planned b a calculat Eq. (1) and T, is the

total time cost calculated in Eq. (2); Q@ is con @or the pheromone value; q
is the weight coefficient used to adjust {l @ h costs and timeliness costs)

influence on the final solution. @ \
At @L—t(%s)-\; (0<q<1) 4)

.,(t) )

T(t plez ()+Ar (1) (0<p<1) (6)

The total ne i nt on the path from goal i to goal j produced by all the n

ants after the iteration |s calculated by Eg. (5). Before the next iteration process,

pheromone values f paths on the route get updated by Eg. (6), wherein p is the

pheromone evap parameter. Repeat this iteration and update process until get the

optimal solution.
4, Expe@gt
ithm Test

mpared with the traditional optimization method, IACO algorithm has the merits of
global superiority and ability to obtain better solution. In the simulation experiment, 3 robots
need to search 30 goals at the speed of 1(m/s) in a 10(km)*10(km) district. The solution
results in total costs (path costs and timeliness costs) of the proposed IACO with the
traditional Genetic Algorithm (GA) are given in Table 2.
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Table 2. Comparison between IACO and GA in Total Costs

Goals | Timeliness Costs (IACO) Costs (GA)
number goals Path Timeliness Path Timeliness
number costs(km) | costs(min) | costs(km) costs(min)
0 55.45 0 56.78 0
30 5 58.50 11.62 57.42 22.54
10 65.36 65.33 72.91 78.59

In Table 2, we can see that compared to GA, the IACO obtains better solution (less costs)
which improves the efficiency of the multi-robot system dealing with the g}vﬁh
timeliness search problem. In this experiment, we take the path costs the same i%&ant as
the timeliness costs so that the weight coefficient value q is set to 0.5.

Interplay exists between the two optimization goals (p th_cQstsand ti costs) that

makes it’s not a Pareto Optimality [7] problem. But we the pla Ing result through
changing the weight coefficient valueq . The valueQ termine anning result is
more prone to lower path costs or lower tlmelmes % E shown in Figure 3,
with smaller g value, the timeliness costs of the resu Iower ne) and the path costs
of the result is higher (red line), while with I@ value? uation is reversed. For both
lower path costs and lower time costs at* e tim We et q in the range [0.4, 0.6] in

most situations. \% &\
Yl ° A Y2
/km \ /min
Path cost Q Timeliness cost 100
=160

Q 20 140
O -20
- 1 1 1 1 1 1 1 1 1 >
‘ Z> 0 01 02 03 04 05 06 07 08 09 1
q X
@Jre 3. Influence of ¢ on the Planning Result

4.2. Mult@b&t System Test

Q @[he performance of the proposed multi-robot collaborative path planning system in
at

-180

t er, simulation and real robots experiments are conducted under the Player/Stage
platférm [8].

In the experiment, there are 16 goals and 3of them {3, 6, 12} with timeliness requirements
need to search as shown in Figure 4. Timeliness goals need to be searched earlier relatively.
The multi-robot system including 3 robots {Robot1, Robot2, Robot3} takes this search task.
Robotl is the ‘Central Robot’. There are three linear obstacles. It is a multi-robot multi-goal
path planning problem mentioned in the third section.

In task allocation layer, the ‘Central Robot’— Robotl needs to allocate this task to other
robots based on the planning information. The total search task is allocated by the proposed
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IACO algorithm and the search route of each robot is generated in the path planning layer.
Figure 4 shows the planning result. The red line is Robot1’s search route and it covers 5 goals
{4, 3, 2, 1, 16}. The blue line is Robot2’s search route and it also covers 5 goals {5, 6, 7, 8, 9}.
The black line is Robot3’s search route and it covers 6 goals {12, 15, 14, 13, 11, 10}.

Figure 4. Plannin »@ \>/

After all routes have been generated, all ro art to gr hem to carry out the search
task in the collaboration control layer. Figu -C) showx simulation scenes in Stage,
Figure 5(d-f) shows the real Pioneer3-A experigfients scenes. In Figure 5, (a) and (d)
are the beginning period of the search an%;;% middle period of the search task;

(c) and (f) are the ending period of rch task. whole search process, all robots can
avoid collision with obstacles % robqts.%

File view Run el e yiew sun Eie view Run mewp

Figure 5. Experiment Scenes

5. Conclusion

A multi-robot collaborative path planning system was designed in this paper. To solve the
search problem, an IACO (Improved Ant Colony Optimization) algorithm was proposed. The
comparison result with traditional algorithm illustrated that the method proposed in this paper
is superior. Simulation and real robots experiments were conducted to test the performance of
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the system and the results showed that the multi-robot collaborative path planning system
proposed in this paper can accomplish the goals with timeliness search task in high efficiency
and stability.
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