Control of multiple non-holonomic air vehicles under wind uncertainty
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Abstract—We present a novel control scheme for multiple the resulting trajectory will be feasible with respect to the
non-holonomic vehicles under uncertainty, which can guarantee constraints present. The resulting control strategy is a novel
collision avoidance while complying with constraints imposed  ¢,mpination of NFs as a lower level controller and MPC as
on the vehicles. Dipolar Navigation Functions are used for higher | | . troller that off the best of
decentralized conflict-free control, while Model Predictive Con- a higher level, Oversee'ng controller that o er? e bes .O
trol is used in a centralized manner in order to ensure that POth worlds: safety is guaranteed by NFs, while constraint
the resulting trajectories remain feasible with respect to the satisfaction is handled by MPC.
constraints present and to optimize the performance objectives. We apply this control technique to problems of conflict
The model used is chosen to resemble air traffic control 4 nigance in Air Traffic Control (ATC). ATC is an area where
problems, with some uncertainty introduced in the system. The h d saf hat NE ffer i luable f
efficiency of the control strategy is demonstrated by realistic the ggafa”tee _sa ety that 5_ Can orier Is very ya uable tor
simulations. Conflict Detection and Resolution (CD&R) algorithms [9],

but the lack of any provision for handling constraints has
|. INTRODUCTION been a major disadvantage. The proposed control scheme

Naviga'[ion Functions (NF)' introduced by Rimon andcan deal with this drawback of the NF method. In addition

Koditschek [1] as an improved potential field method, havé/e introduce some uncertainty in the problem to account for
been used so far in a variety of problems, mainly in the robothe effect of the wind on the motion of aircraft. We should
ics field, for the control of single or multiple mobile vehicles.note the great resemblance of the proposed scheme to the
The main ad\/antage of Na\/igation Functions, Compared giructure of an ATC situation, where aircraft are navigating in
most potential field methods, is the lack of any local minima@ Self-separation airspace (agents navigating with the use of
which are a significant drawback of many potential field\Fs), assisted by a ground tool that seeks to optimize longer
methods. Control based on NFs offers a number of benefitgrm goals (MPC). These are what is known as Short-Term
most importantly it can provide provable convergence ténd Mid-Term CD&R algorithms; a thorough overview and
the desired Conﬁguration, as well as guaranteed C0||isidHaSSiﬁcati0n of the literature in this area can be found in
avoidance. [10].

In its original form the NF methodology addressed prob- The rest of the paper is organized as follows: Section Il de-
lems involving a single robot and a number of stationergcribes the NF method used along with the vehicles’ model,
obstacles. Following Rimon and Koditschek’s work, the origfollowed by Section Il where MPC is briefly introduced and
inal framework has been extended to multiagent-multirobdhe control scheme outlined above is presented. Simulation
systems, both in centralized [2] and decentralized schemegsults for typical ATC scenarios are presented in Section IV.
[3], as well as non-holonomic vehicles in single agenfinally, conclusions and directions for possible extensions
[4] and multiagent [5] problems. In addition applicationsare presented in Section V.
include formation control [6], while lately an extension to
3-dimensional problems has been proposed [7]. Il. NAVIGATION FUNCTION CONTROL

While the NF methodology features appealing characterigy. Introduction

tics _as mentloneq above, it does noF tal§e into account the C.OH'A Navigation Function produces a potential field whose
straints present in many real applications. Such constrai

be i din the f f bounded velocit th rpi%gated gradient drives the vehicle toward the destination and
can be imposed in the form ol bounded velocity, Smoo ne?ﬁvay from any obstacles present in the workspace. In con-

requwemer;:]_for thsl path, time foni;;raTtshe'gc. In ?r&er d;(?(ast to other artificial potential fields, Navigation Functions
overcome fhis probiem we employ the technique ot Modg) e exactly one minimum and can provide almost global

Predictive Control (MPC) [8], a control me@hodology de\{m'navigation to the goal position and away from obstacles. As

Koditschek and Rimon have demonstrated [11], strict global
Eﬂavigation is not possible as every obstacle introduces at
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MPC is used in a level above NF in order to ensure th



B. Model of the Vehicles agent; can be temporarily driven away from its destination in
The problem under consideration involvé§ aircraft- order to facilitat.e the convergence pf neighboripg agents. As
like vehicles flying inside a planar circular workspace ofD® Workspace is considered spherical with rad"zu%ld’ the
radiusr .14, While avoiding collisions with each other. EachWorkspace bounding obstacle fis; = 17, — Ilail|” — 7.
aircrafti = 1,..., N is modeled as a planar nonholonomic The factor H,,; renders the potential field dipolar. It is
circular unicycle of radius;. The position and orientation of responsible for the repulsive potential created by the artificial
vehiclei areq; = [%yi]T and6; respectively. The motion obstacle used to align the trajectories at the origin with the

of each vehicle is described by the following kinematicdesired orientatiory;:

equations:
9 thi =€nh + Nnhi (3)
. U; COSU; .
4 [ ; sin 6; ] (1a) noni = ([cos b sin6] - (a; — qia))’ (@)
0;i = wi (1b) wheree,,, is a small positive constant. Finally,is a positive

where u; is the longitudinal (linear) andv; the angular tuning parameter for this class of Navigation Functions.
velocity of vehiclei. The state of each vehicle is then The potential field function given above has been used
n; = [q7,6,]7 while its input isv; = [u;,w;]”. The vector in [5] and has proven navigation. prqperties, ie. .it provides
of the positions of all vehicles i€ — [OhTa - .’q]:@]T_ global convergence to the destination along W|th_ guaran-
The choice of the unicycle model for the aircraft iSteed collision avoidance. To better demonstrate this dipolar

considered adequate for the motion planning task that WECPErty: a simple potential field generated by such an NF,

consider in this paper. It is assumed that a lower level contrgithout any obstacles is presented in Figure 1. It can be

like the Flight Management System (FMS) will be onboard€en that the surface= 0 divides the workspace of radius

to realize the trajectories provided by the proposed contrblvorid = 100 in two parts, and forces all the_ integral lines
scheme. to approach the targgb, 0) parallel to they axis.

C. CD&R using Navigation Functions

Navigation functions in their original form are not suitable i
for the control of non-holonomic, aircraft-like vehicles, as ::‘:!‘:3:&“21.'0‘:'32%,
they do not take into account the kinematic constraints of “"33““"""
such vehicles. Application of the original NF method as .
introduced by Koditschek and Rimon [1] with a feedback : “R“\\\\\«\«:w
law for the control of a nonholonomic vehicle can lead :
to undesired behavior, like having the vehicle rotate in
place [4], [12]. In order to overcome this difficul@ipolar
Navigation Functiondiave been developed [12] which offer
a significant advantage: the integral lines of the resulting Y .
potential field are all tangent to the desired orientation at rig. 1. Ppotential Field generated by a Dipolar Navigation Function
the goal, eliminating in most cases the need for in-place
rotation_at the _destir_1ation, gs_the ve_hicle is drivgn there with Each vehiclei is governed by the following control law
the desired orientation. This is achieved by using the pla;[§4]:
whose normal vector is parallel to the desired orientation a
includes the origin as an additional artificial obstacle.

I
il

The NF used in this paper is: P, D, 1
bap Ui:_Sgn(Pi)'Fi_(a - ‘8 Z) (5a)

B; — B; () = vYai + i @) ?t ot |) 2p;
S (G )R Hun - G o) wi = = i (6 — Ouni) + O (5b)

The above Navigation Function is constructed as explain
in detail in [13]. The functionG; = G, (Q) reflects the

proximity to any possible collisions involving vehicle G; F =k, - ||Vi(1)i”2 Ykl - qide
is zero when vehicle participates in a conflict, i.e. when
the sphere occupied by agenintersects with other agents’

%’here

P; =37, - Vi®;

spheres, and takes positive values away from any conflicts, J1i =J1:(0;) = [cosb; sin6;]"
while 74 = 4i (@) = |la; — qal|” is the distance from 0P,

the destination positiony,q;. The function f; = fi(G;) Vi®; :8%

is necessary in a decentralized approach as it is used in 0d; "

proximity situations in order to ensure thif attains positive o Z u;V;i®; - Jy;

values even when agenthas reached its destination. Thus J#i



MPC initialization:
Set t=0
initialize X(t)
repeat:
initialization:
Set k=0
Generate ©g = {O(t),...,0(t + (N —1)T)} ~ g(®)
Calculate  (X(t+ (¢ — 1)T +1),...,X(t+1T)) =
=0X(t+ (i—1)T),®(t+ (i—1)T))

(recursively vie {1,...,N})
Set Cp = L(X(t+1),...,X(t+ NT))
repeat:
Set k=k+1
Generate O = {O(1),..., BO(t+ (N —-1)T)} ~ g(®)
Calculate  (X(t+ (i —1)T +1),...,X(t+1T)) =
=O0(X(t+ (i — 1)T),0(t + (i — 1)T))
(recursively vie{l,..., N}
Set C = L()"((t+ 1),... ,)‘((f + M)
. Cr—1 9(©)
Set pi = min @) ¢
8 . .
<[©,C] with probability

Set [@k ,Ck] = _
" [@®k_1,Ckr_1] with probability
until & = maxsteps
Find j:C; = min{C1, ..., Crmaxsteps
Calculate  X(t+T) = O(X(t),©(t))
Set t=t+T
until | (2 (£), yi (1)) — (@, )| < A

TABLE |

MPC USING RANDOMIZED OPTIMIZATION ALGORITHM

andk,, k., ke, are positive real gains. The andlgy; is the

angle of the gradienV®,:

anhi -

Oia, qi = id

where ®;, = 921, &;, = %ZI;”’ andp; = J7,; - (4 — Qia),

Jria = J1(6i) is the current position vector with respect
to the destination, projected on the longitudinal axis of th
desired orientation. Consequentlyn(p;) is equal tol in
front of the target configuration andl behind it. Finally

we define:

~ |1, if >0
(@) =0 e <o

atan2(y,z) = arg (z,y), (v,y)€C.

A {atan? (sgn(pi) - Piy,sgn(p;) - Piz), i # Qid

in robotics, or even ground vehicle control, where the agents
can stop and start again, the situation is different for aircraft,
since physical and aerodynamic reasons impose constraints
on the minimum and maximum speed, thrust, turning radius,
etc.

To overcome this problem we employ the technique of
Model Predictive Control (MPC) [8], a control methodology
developed specifically to deal with state and input con-
straints. Denoting byf" the periodicity of the controller and
by N the length of the horizon of MPC, at each time step
t, an optimization problem of horizo&T will be solved
to find the optimal inputs for the NF. In an ATC setting,
the Mid Term CR algorithm, which is centralized, does not
have very detailed information on the dynamics and all the
uncertainties involved. It is just responsible for transmitting
to the aircraft any changes of their flight plan for avoiding
potential conflicts. Thus, the MPC algorithm will view the
NFs as a black box, which will produce state trajectories for
all aircraft given their target destinations.

The state of each aircrafti at time ¢ (as
considered by the MPC algorithm) isX;(t) =
[2:(t), v (), 0;(t),u;(t),w;(t)]*. Note that this notation
makes no implication on the non-holonomic kinematic
model (where u;(t),w;(t) are outputs of the system)
but represents the ignorance of the MPC on the
details of the underlying model. The inputs of the
NF are the intermediate destinations of the aircraft
0;(t) = [zinterm(t), yirterm(¢)]. For ease of notation, we
introduce the variableX(t) = [X;(¢),...,Xn(¢)] and
® = [04(t),...,0,(t)], wheren denotes the number of
aircraft. The NF is then viewed as an oracéX(t), ©(t))
that, given the current aircraft state and the intermediate
destinations, returns the state trajectory for the rfexsteps
?X(t +1),...,X(t 4+ T)). The state evolution in the NFs
can be influenced by uncertainty (in our case the wind
speed). The MPC algorithm will try to minimize some cost
function L(X(t + 1),...,X(t + NT)) € R, subject to
constraintsX(r) € X,vr € {t,t +T,...,t + NT}. The
cost function reflects some long-term goals for the aircraft
(e.g. reach their final destination as fast as possible, avoid
turning too often, etc.). The constraints reflect operational

The insight behind the above control law is to align the€onstraints of the aircraft. _
vehicle’s longitudinal axis with the gradient of the potential The finite horizon optimization problem described to be
field and drive the vehicle along an integral line to approacfolved at each time is a non-convex problem. Thus, the

the destination with the desired orientation.

D. Stability Analysis

problem of finding the exact optimal value is computation-
ally intractable. To overcome this difficulty we use ran-
domized optimization algorithms. Randomized optimization

As shown in [14], each vehiclé described by the model algorithms are a very promising method in this context,
(1) under the control law (5) is asymptotically stabilized tcsince they can inherently deal with the complexity of the

its targetq;q, ;4.

1. MODEL PREDICTIVE CONTROL

FORMULATION

problem, with reasonable computational workload. There are
several methods falling into this category, such as genetic
algorithms [15], simulated annealing [16], etc. While all

seem to work with more or less the same efficiency, only

One important drawback of the use of NFs is that thefew provide guarantees for convergence to the optimum. This

cannot guarantee any constraint satisfaction on the trajectoiy.the reason that we chose the method described in [17].
In our case, this can result in agents having to stop, travéhis method is a variation of simulated annealing based on
in circles for some time, etc. While this is not a problemMarkov Chain Monte Carlo (MCMC) that works both for



deterministic and expected value criteria. be generated by a Gaussian distribution with zero mean and
Of course, since our control has a receding horizon policgtandard deviatiom = 5.17m/s [19]. Its strong correlation

at every timet, the optimal inputs for the time instants structure [20] implies that it cannot be represented as white

t,t+T,...,t+(N—1)T will be calculated, but only the first noise; instead it is more accurate to approximate it by a

will be applied. Then the control law will be recalculated attonstant random value for each simulation.

timet + T for the time instant$ +7',...,t+ NT, etc. Due

to uncertainties and conflict resolution maneuvers, aircraﬁ

might not arrive at their exact final destination, thus we First, we try to use the NFs method to deconflict this

will consider that aircraft reach their destination when thé&ituation, in the case where uncertainty is set to zero, without

Euclidean distance between their current position and thedpPlying MPC. Indeed, NFs manage to resolve the situation,

final is less than some tolerance valiie with the aircraft converging to their destinations, without
Our algorithm is summarized in Table I. Note that theany conflicts arising. Their inability to respect system’s

pr0p03a| distribution from which random 5amp|es are e)@OﬂStraintS iS, however, ObViOUS, as indicated in Figure 3.

tracted is very important for the algorithm to approximate thd he aircraft have a speed that is constantly decreasing and

optimum inputs. Also important to note is that the dimensio§onverges asymptotically to zero, as the aircraft approach

of the search space grows linearly in the prediction horizoteir destination.

N, which makes the optimization problem harder to solve

for long prediction horizons. The proposed combination of ‘

MPC and NFs retains the safety guarantees (as at all times

. Control using Navigation Functions

420

the NF potential field is repulsive with respect to neighboring
aircraft), while handling constraints and cost factors through 5™
the optimization performed by MPC. <20

IV. SIMULATION SETTING AND RESULTS

120

A. Simulation Setting

In our simulation setting, we consider several aircraft in
level flight converging to the same point (0,0) that have to be ° oo T

deconflicted. A typical configuration is presented in Figure Fig. 3. Aircraft speed for the solution produced by NFs
2 for three aircraft.

60

: This problem is inherent in Navigation Functions, since
reans | the speed of the agents heavily depends on the distance to
their final destination. The situation becomes even worse
when uncertainty is introduced. Since the trajectories of the
aircraft depend only on the geometry of the situation in a
< deterministic manner, the only way for the NFs to correct

] the deviation because of the wind is to command different
] control inputs. The problem is that since the uncertainty is

, , ] applied on the output trajectory, the solution converges to

150

100

) L peanz a different point, where the speed commanded by the NFs
. . added to the wind speed equal zero. Thus, depending on the
Fig. 2. Configuration for 3 aircraft encounter. wind speed and its direction, some aircraft may never reach

_ _ . _ their destination.
For all our simulations, we will assume that the aircraft are

of type Airbus A321, flying at 33000ft, a typical cruising al-C- MPC with NFs
titude for commercial flights. [18] suggests that the airspeed As already discussed, the search space for the randomized
at this altitude can only vary in the regid866, 540] knots, optimization algorithm grows with the prediction horizon. On
with a nominal value of454 knots. We will enforce these the other hand, we are interested in a fast implementation,
constraints on our controller. if the control scheme is to be applied in ATC. To reduce
Regarding the uncertainty, we will only consider the windhe computational workload, one can do several things, like
speed as source of uncertainty. Wind speed (in generalortening the horizon, or calculating only one input for
can be modeled as a sum of two components: a nominall times {¢t,t + T,...,t + (N — 1)T}. The first would
deterministic component (available through meteorologicallearly reduce the advantage of the MPC approach, causing
forecasts) and a stochastic component, representing dewuiiae system to enter states where no feasible solutions are
tions from the nominal. Since the forecasts are availabkvailable, while the second approach would introduce much
prior to the flights, flight plans are calculated taking thentonservatism in the controller.
into account, so for simplicity reasons, we set the forecasted To reduce conservatism on the second approach, we intro-
wind speed equal to zero. The stochastic part of the wind witluce a strategy for the optimization algorithm, where only



the input for timet will be optimized. Then, at time + T,
the new input (intermediate way point) for the predictive
controller will be the same as that of time adding the
distance covered by each aircraft, etc. until the input for time
t+ (N —1)T. In this fashion, the controller will have taken
into account the uncertainty encountered by the aircraft and
will constantly try to keep the target at a constant distance,
forcing the NFs to command airspeeds close in the desired
range.

Exploiting the structure of the problem, it can be observed
that a distance to the target around0nm produces a
speed for the aircraft matching the nominal cruising speed T
for our altitude. Thus, the search space will concentratey 4. speed evolution with time for a conflicting situation of 4 aircraft
around points with a distance close to this value. This is
done by sampling from a Gaussian with medi9nm and

> X X .~ 11.5and16 nm in all simulations. Thus, despite the presence
standard deviationOnm. Then, the intermediate waypoint is 5t \ncertainty, the aircraft can fly closer to one another,
determined by uniformly sampling for an angle[in 3, 3]  \hile comfortably respecting the safety separation criteria.
around the line segment joining the current position of th¢pe soution generated by the algorithm for a particular
aircraft and its final destination. wind speed is shown in Figure 6, while NFs generate the
D. Results trajectories shown in Figure 5 for the case where wind is

. _ _ .. not present.
One can optimize over several costs in the optimization

problem over several horizons and discretization steps. We, L
choseT = 5 minutes, N = 4 and a cost function that .. A
tries to minimize the sum of the remaining distance to final = S ®
destination at the end of the horizon for all aircraft: ~ o B s o

50 v > b -50

L= D(i,t+ NT). 6 et

150 4 i > -150

3

i
200 -150 -100 -50 0 50 100 150 200 =200 -150 -100 -50 ) 50 100 150 200
x

To evaluate the performance of our algorithm, we simulate _ _
each encounter using 1000 Monte Carlo runs. The randorfig. 5.  Solution of NFs for a Eé?{e?ﬁe fi‘r)";t'ggn?lflcttt‘f proposed
. .. . . . .. . it i i H g situation
ized optimization algorithm will optimize at each time steponflicting situation of 4 aircraft - ~7 /"0 oo
over 1000 random extractions from the search space.

1) 4 aircraft encounter: As a first example we will 2) 6 aircraft encounter:We try to present the algorithm
consider a situation where 4 aircraft are following pathavith an even more challenging problem: a situation where 6
that are converging at the same point. Using all the settingdrcraft are converging to the same point. Applying the same
mentioned before, our control scheme resolves the situatieanfiguration for the NFs approach (for the deterministic case
in all 1000 runs, while respecting the speed constraints wagain), the trajectories one would get are shown in Figure
impose on the aircraft airspeed (i.e. speed remains withih The solution demands all aircraft to travel in a circle of
[366,540] knots). Figure 4 shows the mean speed (over afRdius aroundl90 nm until they reach their destinations.
1000 Monte Carlo runs), as well as the highest and lowe§ince again, the constraints are violated very often and the
airspeeds observed for every aircraft at all times. The boundéstance traveled to reach the goal is much larger than direct
on the speed are also drawn for convenience. The averagaiting.
running time for each simulation 800 sec in a dual-core
Pentium3.2GHz, while the peak memory usage is around _, i
110MB RAM. This time is many times faster than real time . : s
(which would be66 min for this situation). woy 3 *

One can observe that the speed of the aircraft is very by
well regulated, with a mean value very close to the desired”| . .
nominal airspeed for this altitude. Another interesting aspect_ % ;
is the minimum separation between all aircraft flying in the
airspace. Simulating the situatiqn. with the NFs (without t.he‘ _ Fig. 8. Solution of the proposed
MPC approach) for the deterministic case leads to a minfig. 7.  Solution of NFs for a = gpame for a conflicting situation
mum separation o2 nm. This is obviously quite conserva- ©Micting situation of 6 aircraft o ¢ ajrcraft
tive, since conflicts only happen when this separation drops The MPC approach can include the uncertainty modeling
below5 nm. Our approach shows some major improvemerand once again can resolve the situation without problems.
in this aspect, resulting in minimum separations betweeWe present the mean speed (over all 1000 Monte Carlo runs),

05"

T -
200 -150 -100 -50 0 50 100 150 200 200 150 -100 -50 o 50 100 150 200



as well as the highest and lowest airspeeds observed for every
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again very well regulated, having a mean value very closgnger the project iFly, FP6-TREN-037180.

to the one desired at this altitude. The average running time
in this case is around500 sec in the same PC, while the
peak memory usage is arourild0OMB RAM. The higher [1]
computation time needed comes as no surprise, since the
feasible solutions for the search space are much fewer i
this case. One should note though, that the time needed Is
still more than 3 times faster than real flight time (which
would be85 min for this situation).

The solution generated by the algorithm for a particular
extraction of the wind speed is shown in Figure 8. Aircraft
now can travel smaller distances, while conflict avoidance[4]

(3]
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