2009 IEEE/WIC/ACM International Joint Conference on Web Intelligence and Intelligent Agent Technology

Optimization-based Collision Avoidance for
Cooperating Airplanes
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Abstract

The paper compares two implementation approaches to
the PC deployment for the collision avoidance problem: (i)
parallelized optimization and (ii) centralized optimization.
In the ﬁrst approach, the PC optimization process is done
cooperatively by a group of agents. Each optimized variable
from PC is mapped to one agent controlling one airplane.
This approach can fully proﬁt from a parallelized execution
of the PC optimization, but on the other hand it requires a
complex negotiation protocol. The second approach requires
collection of optimization inputs, selection of a host where the
optimization will be performed and distribution of the solution
to all involved airplanes. To implement these tasks in the
most straightforward way the Process Integrated Mechanism
(PIM) [3] has been adopted. The programmer doesn’t need
to take care about any synchronization and communication
issues. All is done automatically utilizing migration of the
mobile agent among involved airplanes. On the other hand,
such an approach cannot utilize the parallelization potential
of the stochastic optimization.

Application of autonomous intelligent systems into airspace domain is very
important nowadays. The paper presents decentralized collision avoidance
algorithm utilizing a solution of the deﬁned optimization problem where
efﬁciency criteria, collision penalties and airplanes’ missions are integrated
in an objective function. Two different implementation approaches used for
stochastic Probability Collectives optimizer are presented and evaluated –
a complex distributed multi-agent deployment among participating airplanes
and the Process Integrated Mechanism inspired architecture. Both approaches
have been validated and evaluated on the multi-agent framework AGENTFLY
providing precise simulation for airspace operations.

1. Introduction
In the paper, an optimization based approach to the collision
avoidance problem is presented – airplanes search such a series
of control actions that would allow them to avoid collision
effectively. The Probability Collectives (PC) framework [1],
[2] is used as an optimization solver. The PC is a stochastic optimizer using probabilistic operators optimizing over a variable
space. Efﬁciency criterion, collision penalty and airplanes’
goals are incorporated into a shared objective function. The
optimal control is a set of actions which minimize the objective
function. The major beneﬁt of the PC optimizer is that the
whole optimization process can be distributed among several
agents controlling airplanes – several parts can be performed
simultaneously.

2. Collision Avoidance Optimization Task
The problem of detection and removal of collisions in a
group of airplanes is included in the optimal control problem.
The optimal control problem is formulated as ﬁnding the
control inputs (heading changes) which minimize a common
objective function that penalizes deviations from target oriented controls (ﬂy to their desired way-points) and collision
occurrence (based on the required separation distance). The
optimization is subject to constraints which ensure that the
control inputs are within the ﬂight envelope limitations (e.g.
the maximum angular velocity of heading changes). It is
supposed that all airplanes can communicate together and
always participate in the running PC optimization which is
invoked regularly after a given interval Δt.
For simplicity of description, it is supposed that there are N
airplanes A = A1 , A2 , . . . AN  which are ﬂying at the same
ﬂight level and this level is not changed during the ﬂight and
the control action xi for every Ai is deﬁned as a tuple ωi , gi ,
where ωi is the heading angular velocity and gi ∈ {0, 1}
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3. Parallelized Optimization

speciﬁes whether an action is taken considering the entire
future trajectory (gi = 0) or just for the next interval Δt and
then proceeding to the airplane’s target (gi = 1). Cruise speeds
vi of all Ai are ﬁxed. For each Ai , the next target way-point wi
is speciﬁed. The function pos(Ai ) returns the current position
pAi . Whenever the Euclidean distance |pAi , wi | is below the
speciﬁed tolerance, wi is accomplished by the airplane Ai . In
this case, wi is set to the next mission way-point of Ai if there
is any. If its ﬁnal mission way-point has been already reached,
the Ai is removed from the set of existing airplanes A. The
separation distance Ri speciﬁes that there should not be any
other airplane closer than Ri to Ai .
For each PC optimization, the deﬁnition set Xi for xi
contains 2mi +1 control actions. There are mi actions with ωi
values evenly selected from an interval −ωimax , ωimax  with
gi = 0 (repeated application of ωi ), mi actions with ωi values
selected the same way but with gi = 1 (a single application of
ωi and then proceeding to wi ) and the single action xopt
i . The
ωimax bounds the maximum available angular velocity, mi is
an odd integer greater than 2 (this ensures that the straight
is an optimal control
ﬂight manoeuvre is included) and xopt
i
action with respect to the speciﬁed Δt navigating Ai directly
to wi . Actions in the set Xi are ordered by ωi values (it does
not matter whether ascending or descending).
The Δτ is a general parameter for all A deﬁning the future
trajectory sampling interval. The function fi (xi , k) returns the
future position of Ai after k intervals Δτ when Ai applies
the action xi considering its current position pos(Ai ) and
Ai constraints. The common objective function G(x) used for
evaluation of joint samples in the PC optimization is
G(x) = Gcol (x) + αGdev (x) .

Collectives in the PC algorithm can be taken as groups
of self-interested, learning agents that act together to minimize the objective function (Equation 1). Each variable is
maintained by one agent. Thus, each agent searches for the
optimal action for one airplane (Section 2). Ai ∈ A denotes
the agent providing control to airplane Ai . Each Ai keeps the
current probability distribution qi for its action variable xi .
Computation of the expected utility value (value of the common objective function G(x), Equation 1, and the convergence
test requires cooperation of all agents. Sampling and updating
of all variables in the iterative procedure of the PC algorithm
are performed independently.
The Ai is conﬁgured using several airplane-oriented parameters: the maximum available angular velocity ωimax , the
number of discrete steers mi and the separation distance
Ri . Moreover, the Ai manages its given mission and deﬁnes
the next way-point wi . All Ai use following common conﬁguration parameters: the size of the sample block in each
iteration NSB , the look-ahead horizon kmax , the look-ahead
step interval Δτ , the balancing factor α, the collision penalty
time factor β and the annealing schedule parameters.
Distributed implementation of the PC optimization procedure executed by each agent is presented in Algorithm 1. The
same algorithm is invoked regularly with Δt period based on
the current time for all airplanes. It is required that all airplanes
have their time synchronized with an error much smaller
than Δt. First, each agent performs an initial setup of the
optimal action xopt
i , deﬁnition set Xi , probability distribution
qi as uniform discrete distribution over Xi and temperature T
(lines 1–4).
The iterative optimization loop of PC algorithm lowering
Eq (G(x)) is implemented at lines 5–26. Agents prepare sample blocks si (NSB actions selected from Xi using MonteCarlo sampling) and prediction points predi (for each action
in si agents apply function fi (xi , k) where k = 1..kmax ),
lines 6 and 7. Then agents exchange their predi , lines 8
and 9. Computation of the common objective function G(x)
(equations 1, 2 and 3) for each joint action x in sample block
si is distributed among all agents. Each agent Ai computes
Gi of the rewritten objective function

Gi (x) ,
G(x) =
Ai ∈A 
(4)
Gcol
Gi (x) = αGdev
i (xi ) +
i (xi , xj ) .

(1)

It consists of two parts which are summed together using a
balancing factor α. The Gcol penalizes separation violation
among all A using planned future positions and requires
separation distances. It is computed as
  col
Gi (xi , xj ) ,
Gcol (x) =
Ai ∈AAj ∈A,
Aj =Ai

k
max

Gcol
i (xi , xj ) =

(2)

β (k−1) [max(Ri − |fi (xi , k), fj (xj , k)|, 0)]2 ,

k=1

where the factor β ∈ (0, 1) is used for balancing the penalty
between earlier and later collisions (smaller β penalizes more
earlier separation violations) and the kmax deﬁnes the lookahead horizon which is reﬂected in the objective function. The
second part of the objective function Gdev penalizes deviation
from airplanes’ optimal trajectories to their next way-points,
 dev
Gi (xi ) ,
Gdev (x) =
Ai ∈A
(3)
opt
2
Gdev
i (xi ) = [fi (xi , kmax ) − fi (xi , kmax )] .

Aj ∈A
Aj =Ai

The deviation part of the objective function Gdev
i (xi ) is
prepared at line 10. Each agent waits for other sample block
predictions from A\Ai agents and adds the collision part of
the objective function for each processed predj , lines 11–15.
After processing all predictions each agent has the value Gi (x)
for each sample block action and it sends these values to all
others agents, lines 16 and 17. Then, the agent waits for all
other parts and sums the values into Gi , lines 18–22. At this

The deviation is expressed as the Euclidean distance between
the position at the end of the look-ahead horizon kmax after
applying the evaluated action and the optimal control action
in the case when other airplanes are not considered.
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Input: A
Output: ωi
{1}
{2}
{3}
{4}
{5}
{6}
{7}
{8}
{9}
{10}
{11}
{12}
{13}
{14}
{15}
{16}
{17}
{18}
{19}
{20}
{21}
{22}
{23}
{24}
{25}
{26}
{27}

{1} A, cP C , id ← Get initial configuration();
{2} while true do
{3}
S ← Get airplanes’ states(id, A);
{4}
Ω ← PC optimization(cP C , S);
{5}
Apply new control(id, Ω);
{6}
id ← id + 1;
{7} end

xopt
← Optimal action(wi );
i
Xi ← Get xi definition set(ωimax , mi , xopt
i );
qi ← Get initial distribution(Xi );
T ← Initialize temperature;
while true do
si [NSB ] ← Sampling(Xi , qi , NSB );
predi [NSB × kmax ] ← Predictions(si , kmax );
wait set ← A\Ai ;
Send(predi , wait set);
Gi [NSB ] ← Own dev cost(predi , xopt
i , α);
while wait set = ∅ do
Aj , predj ← Fetch other predictions;
Gi ← Add col cost(Gi , Ri , β, predi , predj );
wait set ← wait set\Aj ;
end
wait set ← A\Ai ;
Send(Gi , wait set);
while wait set = ∅ do
Aj , Gj ← Fetch other costs;
Gi ← Add costs(Gi , Gj );
wait set ← wait set\Aj ;
end
qi ← Update distribution(Xi , qi , si , Gi , T );
T ← Update temperature(T );
if Converged(Gi ) then break;
end
return Sample final control(Xi , qi );

Algorithm 2: PIM coordination process pseudo-code implementing centralized PC optimization for CA

The pseudo-code of CP implementing the described collision avoidance is in Algorithm 2. Initially, the CP reads
the initial conﬁguration specifying a set of involved airplanes
A, PC conﬁguration parameters cP C and an optimization ID
id, line 1. The cP C includes parameters for PC optimization
like NSB , kmax , α, β and annealing schedule parameters.
Then, the CP repeats lines 3–6 until the CP is present.
The CP provides periodical control of involved airplanes
with period Δt. Each control input is uniquely identiﬁed
by the optimization ID id. The invocation of the method
Get airplanes’ states blocks until the new control
is required for a speciﬁed id and also cause migration of
the CP among all airplanes A to collect information about
their current state and parameters collected in S, line 3. Once
the CP has the necessary information about all airplanes it
performs centralized PC optimization (Section 2), line 4.
Finally, the CP calls the method Apply new control
which causes migration among all airplanes A and sets a new
control action ωi which is included for each airplane in the
set Ω, line 5. After that, the CP increments id, line 6.

Algorithm 1: Agent PC optimization pseudo-code

point, all agents have the same values of the objective function
evaluation in their Gi .
Update of the agent probability distribution minimizing
Lagrangian Li (qi , T ) with the current T is done at line 23.
Then the temperature T is decreased according to the common
annealing schedule, line 24. The convergence test of the
iterative optimization procedure is done simultaneously by all
agents, line 25. It is not necessary to communicate during
this phase as all agents have the same G(x) values. Finally,
the agent selects the ﬁnal control according to its stabilized
probability distribution qi , line 27.

5. Evaluation
Both presented implementation approaches of the same
optimization algorithm have been evaluated in multi-agent
airspace evaluator AGENTFLY [4]. The algorithm has been
tested in a super-conﬂict conﬁguration [4] with a varying
number of airplanes (from 2 to 10). Due to the fact that
the algorithm is based on the stochastic PC optimizer, each
conﬁguration has been measured in 50 repetitive runs and the
presented values are averages from the same conﬁgurations.
The parameters were set as follows: NSB = 180, α = 1,
β = 0.995, Δt = 10 s, Δτ = 1 s, kmax = 125, vi = 35 m/s,
ωimax = 8 ◦ /s, mi = 5 and Ri = 500 m. Airplane parameters
vi , ωimax , mi and Ri are the same for all airplanes in the
conﬁguration. The diameter of the circle where the start and
target positions are located is 13 km. Airplanes’ positions are
well-proportioned on the circle.
During experiments we validated that both implementations
provides the same quality of the solution measured as the average trajectory lengthening of the shortest possible trajectories
regardless collisions. Results from the experiments are shown
in Figure 1. The top chart presents the overall communication
ﬂow which was exchanged among all airplanes during the
whole ﬂight. The ﬂow amount is linear in the number of
airplanes in the collision conﬁguration. The parallelized approach requires more than 8 times higher communication ﬂow

4. Centralized Optimization
Centralized PC optimization requires collection of optimization inputs, selection of a host where the optimization will
be performed and ﬁnally distribution of the solution to all
involved airplanes. The concept of the Process Integrated
Mechanism (PIM) [3] has been adopted to implement the
centralized approach. The PIM model consists of a single Coordinating Process (CP) and a set of Components each capable
of running the CP. The CP cycles among the components as
required in order to execute the CP algorithm. The underlaying
PIM run-time manages the actual movement of the CP across
the components, and presents the programmer with a virtual
machine in which there is a single coordinating process
operating with a uniﬁed global view where, in fact, data
remains distributed across the components. The programmer
needs not be concerned with the details of the process moving
among the processors.
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Communicatio
on Flow [MB]
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and also to execution of several code parts by each agent
(which is used to remove additional communication). The
centralized approach requires less than one half of the time
required by the previous version. There was no sense to
measure the centralized version in both computer conﬁgurations because the computation is executed just at one of the
computers. The parallelized version with each agent running
on its own computer consumes almost 3 times less time than
the centralized version.
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6. Conclusion
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The parallelized implementation approach based on multiagent system is much more complex than the centralized one
utilizing PIM model. The multi-agent implementation requires
transformation of the main PC optimization algorithm that is
executed by several agents in parallel. Synchronization parts
have to be carefully inserted in the implementation and the
common objective function has to be optimally split among
all agents so that minimum parts are computed by multiple
agents redundantly and only limited information is exchanged
among agents. On the other hand, the implementation of the
coordination process in PIM model is clearly straight-forward.
The PC optimization is implemented in a centralized way
and underlying PIM components automatically take care of
its transparent migration within the airplane group. Such implementation is very fast and does not require any modiﬁcation
of the algorithm.
During the experimental evaluation of both approaches, it
was identiﬁed that the price for the complex parallel multiagent solution is compensated by the performance of the
algorithm. The parallelization of the algorithm accelerates the
computation up to three times in comparison to the centralized
version. On the other hand, the centralized version consumes
communication bandwidth only for a limited number of coordination process migrations among airplanes and thus requires
about 8 times less ﬂow to solve the same problem. Thus, if
there are limits in the communication ﬂow, the centralized
approach is better. If fast optimization is required, it is better
to use the parallelized approach.

Time [s]

70
60
50
40
30
20
10
0
0

2

4
# Airplanes

6

8

Fig. 1. Experiment results: total communication ﬂow
among all airplanes (top), overall time spent for optimization (bottom).

to provide control for the same CA problem. In the parallelized
approach, each airplane sends its predictions, partial cost
values of the objective function to others. For this communication each airplane utilizes multi-recipient messages which are
dispatched in multi-cast manner. The number of optimization
iterations is limited due to the used annealing schedule which
speeds up the convergence of ﬁnding the extreme of the
objective function. Thus, there is linear dependence on the
number of messages. However, in the case when multi-cast
messaging is not usable, the dependence will be quadratic.
On the other hand, the centralized approach doesn’t require
such multi-recipient messages and the communication ﬂow is
given only by the migration of the CP among airplanes. In
the centralized approach, the communication ﬂow is generated
only by the CP migration among airplanes. The CP is required
to visit each airplane twice during each optimization: (i) once
the CP collects the current airplane state and (ii) when the CP
applies the control result to all airplanes. Thus the dependence
is always linear and no multi-cast messages are required.
The bottom chart presents the overall time spent by all
optimizations (regularly invoked each Δt) in the given conﬁguration. The parallelized approach has been measured in
two computer conﬁgurations: (i) using 8 computers (connected
together by 1Gbps network) each running at most one agent
responsible for airplane control and (ii) using only 1 computer
where each agent runs in its own process (still requires IPbased communication among processes) but they all share the
same CPU. The slowest solution is provided by the parallelized
version running on 1 CPU due to communication requirements
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