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ABSTRACT UAV example are the flight time, which appears in the

This paper implements robust Decentralized Model Pr&ost function of the MPC optimizations, and computation
dictive Control (DMPC) for a team of cooperating Un-time. In particular, we investigate how the algorithm scales
inhabited Aerial Vehicles (UAVs). The problem involvesWith the number of UAVs involved and compare with the
vehicles with independent dynamics but with coupled corf?€havior of the corresponding centralized MPC.
straints to capture required cooperative behavior. Using a MPC is a feedback control scheme in which a trajectory
recently-developed form of DMPC, each vehicle plans On|§aptimiz§1tion is solved _on—line at each time step. The first
for its own actions, but feasibility of the sub-problemscontrol input of the optimal sequence is applied and the op-
and satisfaction of the coupling constraints are guarante&fnization is repeated at each subsequent step. Because the
throughout, despite the action of unknown but bounde@n-line optimization explicitly includes the operating con-
disturbances. UAVs communicate relevant plan data to eftraints, MPC can operate closer to hard constraint bound-
sure that decisions are consistent across the team. Collisidfies than traditional control schemes. MPC has been widely
avoidance is used as an example of coupled constraints d#@ieloped for constrained systems [3], with many results
the paper shows how the speed, turn rate and avoidarfe@ncerning stability [S] and robustness [7], [8], and has been
distance limits in the optimization should be modified in2Pplied to the co-operative control of multiple vehicles [8],
order to guarantee robust constraint satisfaction. Integ0l], [6] using centralized computation. However, solving
programming is used to solve the non-convex problem ¢t Single optimization problem for the entire team typically
path-planning subject to avoidance constraints. NumericEgduires significant computation, which scales poorly with
simulations compare computation time and target arrivdle size of the systeme(g. the number of vehicles in the
time under decentralized and centralized control and inve&am). To address this computational issue, attention has
tigate the impact of decentralization on team performanc&ecently focused on decentralized MPC [11], with various
The results show that the computation required for DMPC i@PProaches including robustness to the actions of others [9],
significantly lower than for its centralized counterpart andP€nalty functions [12], [15], partial grouping of compu-
scales better with the size of the team, at the expense §ions [16], loitering options for safety guarantees [13],

only a small increase in UAV flight times. and dynamic programming [14]. The challenge of making
decisions in a decentralized fashion is to ensure that the
I. INTRODUCTION actions of each subsystem must be consistent with those of

This paper combines Mixed-Integer Linear Programthe other subsystems, so that decisions taken independently
ming (MILP) path-planning [2], [4] and Decentralized do not lead to a violation of the coupling constraints. The
Model Predictive Control (DMPC) [1] to provide a de- decentralization of the control is further complicated when
centralized algorithm for co-operative guidance of Unindisturbances act on the subsystems making the prediction
habited Aerial Vehicles (UAVs). This paper investigate®f future behavior uncertain.
its performance by simulating its behavior for multi-UAV  This paper employs a recently-developed approach to
collision avoidance problems. The avoidance constrainBMPC [1] that addresses both of these difficulties. The
couple the behavior of the system and therefore exercikey features of this algorithm are that each vehicle only
the ability of the controller to make cooperative decisionssolves a sub-problem for its own plan, and each of these
The DMPC algorithm [1] was designed primarily to ensuresub-problems is solved only once per time step, without
satisfaction of constraints, and critical performance goaiteration. Under the assumption of a bounded disturbance,
can be embedded in constraints. However, secondary goalch of these sub-problems is guaranteed to be feasible [1],
remain in the cost functioni.e. quantities which should thus ensuring robust constraint satisfaction across the group.
be small but have no explicit limit. An important purposeThe method employs at each time step a sequential solution
of this paper is to investigate the effect of decentralizatioprocedure, outlined in Fig. 1(a), in which the subsystems
on these secondary goals. The metrics of interest in tlslve their planning problems one after the other. The plan



rate of turn. Each UAV has a single pre-assigned goal

Step 0 Step 1 Step 2 . o . .
point. The objective is for all UAVs to reach their goals
Find Initial | Solve .| Solve - in minimum time without colliding,i.e. maintaining a
Feasible Subproble 1 Subproblem 1 minimum separation between every pair of UAVs at all
* * times. This problem statement exercises the ability of the
Solve Solve : :
Subproblem 2 Subproblem 2 decentralized method to handle non-convex constraints and
H H coupling between the actions of the UAVSs.
i i Since the decentralized MPC method requires linear
Sove Sove dynamics, we adopt the linear approximation of aircraft
Subproblem P Subproblem P dynamics from [4]. Each vehicle is modeled as a point mass
' ; * subject to speed and force limits. A disturbance force is also
Apply first |_| Apply first |_| Apply first || included in the model to account for uncertainty. Let UpV
control inputs control inputs control inputs have positionrp(t) c 12 and Ve|OCitpr(t) c ®2 and be
acted on by a control forcé,(t) € ®* and a disturbance
(2) Procedure Flow force f,(t) € R? giving dynamics
s (1) = vp(t)  vp(t) =£,(t) +£,(2)
ubsystem
1 and constraints
]
' V@2 < Vo (15,02 < Fp
Subsystem

1) ] (This model becomes equivalent to Dubins’ car model [17]
Latest plans with the addition of a minimum speed constraint. This

can be implemented using MILP, but was not done in

S“bsgS‘em these experiments for simplicity.) The disturbance force is
| ' assumed to be unknown but bounded
Predicted IE,()]l2 < F,
plans
Subever (uncertain) The collision avoidance is expressed in terms of a square
Ve ——1 ] exclusion region of sid&L around each UAV which no
H other UAV may enter
]
Subsystem P [rp(t) — rq(t)Hoo >LVtpq:q#p
Finally, let the goal of UAVp be g, € R2.
(b) Information Flow I1l. DMPC FORUAV S

This section presents the robust MPC optimization prob-
lems for the UAV problem described in Section Il and the
algorithm in which they are employed. Both centralized
data relevant to the coupled constraints is then commuring decentralized optimizations are presented. The central-
cated to the other subsystems. Fig. 1(b) shows the infoked form is relevant because it is used to initialize the
mation requirements for sub-problep Each sub-problem gecentralized algorithm and also used in comparison tests
accommodates (a) the latest plans of those subsystejassection IV.
earlier in the sequence and (b) predicted plans of thoseThe MPC algorithm requires a linear discrete-time state-
later in the sequence. The disturbance is accommodated ance dynamics model and |inear' a|th0ugh not necessar”y

including “margin” in the constraints [8], tightening themconvex, constraints. It is straightforward to convert the
in a monotonic sequence. At initialization, it is necessary tgynamics to the form

find a feasible solution to the centralized problem, although
this need not be optimal. Xp(k +1) = Axy(k) + Buy (k) + Ewy(k) (1)

The paper begins with the multi-UAV problem state-with statex, (k) = (r,(kT)” v,(kT)")T, control input as
ment in Section Il. Then Section Ill lays out the controlu,(k) = f,(kT), disturbancew,(k) = f,(kT) and time
formulation for this problem. Section IV gives the resultsstep T. The speed and force limits are approximated by
of simulations using this controller for many differentpolyhedra and applied at each time step, along with the

Fig.1: Overview of Decentralized Algorithm

scenarios and team sizes. collision avoidance constraints
Il. UAV PROBLEM STATEMENT 0 Glx,(k) < 1V, (2a)
The problem is to control multiple UAVs, each assumed Guy(k) < 1F, (2b)
to fly at constant altitude and with restricted speed and  ||[I 0] (x,(k) — x4(k)) |l > L' Vp,q:q#p (2¢)



where the rows ofz are unit vectors and’ > L includes wherer, (k... k+T|k) represents the latest known inten-
some additional margin to account for the the discreteions of other vehicles

time application of the constraints. Ref. [4] showed the . I 0]x, (k + j|k) q<p
use of binary logical variables within Mixed-Integer Linear Tpq(k...k + jlk) = { i O]Xq(k Yilk—1) g>p
Programming (MILP) to encode non-convex avoidance con- ?

straints such as (2c). Finally, the discrete-time disturbancgis represents the latest plans for those UAVs before

iS a'so Converted to p0|yhedra| form_ in the planning Sequence and projected p|anS, USing the
~ continuation of the previous plans, for those afperThis
Gw,(k) < 1F, (3) data is exchanged by communication between UAVs and
. o appears as a constrant parameter in sub-prohlerihe
Centralized Optimization avoidance marging are modified for the decentralized
P problem
Pe (x1(k),...,xp(k)) : Jé:lgl,i)gZTp l:)pq(()) 0 g<p
" bpa(0) = a,(0) 4>
subject toVp € {1... P} Vj € {0...(T, — 1) Vg > p} bpg(1) = ap(0)+ay(0) g<p
, , , bpe(1) = ap(0) +aq(l) ¢>p
A e+ S buli) = (1) +a,1) q#p¥i>2
[0 Glx,(k) < 1(V, —cp(5)) This accounts for the additional uncertainty in the projected
Gu,(k) < 1(f, —dy(4)) plans of later vehicles, as the actual plans of those UAVs
will differ from the predictions due to the action of the
[T O]Xp(k + Tp‘k) - ngoo ap(Tp) disturbance.

<
T O]xp(k + jlk) —xq(k + j[F) o =

where the quantities, b, ¢, d are modifications to the con-

L+ bpe(4) Algorithm 1 (Decentralized MPC)
1) Find a solution to the initial centralized problem

straints to provide margin for robustness sptgéx(lé(r)gijlenﬁg fr??ga ;fing)lthlon cannot be found,
ap,(0) = 0 2) Setk=0
a,(1) = |[[1000B|,F, 3) Apply controluy(k|k) to each subsystem
ap(i) = ap()+[[1000LB|2F,  Vj>2 2) Increments .
bo(i) = ap()+aq(i) vj 5) For each subsystemin order1,..., P :
zq(‘(y)) Op a a) Compile the plan
P - . datar,,(k...k+T|k) V from other
cp(l) = (001 O]BH2FP\/§ - subsypsqt(ems T ey
(i) = 1) +[[0010LB|2FV2 Vj>2 b) Solve sub-problem
d,(0) = 0 5 Pp (xp(k),Tpg(k ... k+Tlk))
dp(1) = |[|[1 OKB|2Fv2 6) Goto3
dp(j) = dp(1)+[I[1 OKLB|2F,v2  Vj>2 Theorem 1 (Robust Feasibility) If a feasible solution
to the initial problem Po(x1(0),...,xp(0)), solved in

where K is a two step nilpotent controller for the sys-

tem (A,B) and L = (A + BK). Hence the nilpotency Step 1 of Algorithm 1, can be found, then the system (1)

requirement forK givesL x L = 0. A suitable controller controlled by Algorithm 1 and acted upon by disturbances

K can be found since the system is a combination of tW8beying (3) will satisfy the constraints (2) and all sub-
independent double-integrators problem optimizations will be feasible.

. oo This theorem is quoted from [1] and is not proven here.
Decentraliz imization (for UAV . i . :
ecentralized Optimization (for UAV p) Briefly, the result relies on the ability to construct a feasible

Py (xp(K), Tpg(k ...k +TIE)) : Jy = min T, solution to each sub-problem by combining its previous
Up:Xp solution and a perturbation, using the nilpotent control
subject tovj € {0...T, — 1} ¥q # p policy K to counteract the disturbance.
Remarks
xp(k+7+1k) = Apxy(k+jlk)+ Bpuy(k+ j|k) The first step of Algorithm 1 requires finding a solution

xp(klk) = x,(k) to the centralized problem, but it is not necessary for this to
Gv, < 1(V,—c,(5) be an optimal solution. Any method of generating a feasible

Gf, < 1(f,—d,(4)) solution can be employed.
Algorithm 1 ignores computation and communication

[T 0]x,(k + Tplk) — gplloo
[T 0]xp (K + j|k) — Tpg(k + 3[K)| 0o

ap(TpA) delays. However, it can be extended to explicitly account
L'+ bpe(j) for delays by propagating the state estimate forward [18].

IV IA



Crucially, this does not introduce a delay equal to the entir’ S A @ e A
solution sequence. Rather, each subsystem accounts fo- AAA P . ,*«‘
delay corresponding to the solution of its own sub-problerr A&Q Pl 14 446
Algorithm 1 can be run as an “anytime” algorithm. The| As{ ‘ T “ Pl
result in Theorem 1 follows from the ability to construct. & ﬂq g SGER N 444
a feasible solution to each sub-problem before starting P qﬂ AAAJL;A‘A
computation. Therefore, an arbitrarily small computatior’ T % * ' ST R ®
time-limit can be enforced with the guarantee that a solutio., P <, 7 “e
will always be available. 1ev? ©  liee”
IV. SIMULATION RESULTS . . R
This section presents results of numerical simulation 4>’§% ; e P
demonstrating the application of the DMPC method an f’ AWDDPDV%
investigating its performance, including comparison to thi:, . i adad A(f ~
centralized counterpart (CMPC). Fifty random instances C \ QQ&K%Q P ‘*«
problems for each team size between two and seven we" ég'e PEE——— N
generated and simulated using decentralized MPC. In eve- 2 pw”” R o /;AA“AQ
case, the UAVs began on the line betwegn5,5) and ',' P Bane
(—=5,-5), heading in the+X direction. The goals were | o7 741»77'(
chosen randomly on the line betwe¢h 5) and (5,-5). .. . . . . . . . . . . .
Fig. 2 shows a representative example of a problem cf .
each size. The simulation model included a randomly e>>QQ N @
generated disturbance force of up to 10% of the contr¢ s I Bt :
force. The simulations were run in Matlab on a desktop P! 5’»”’%’>>f>>@ o Ao
with Pentium 2.2 GHz processor and 512MB RAM using apen, Relnasd R ‘7:,8
CPLEX 7.0 for MILP optimization. The same computer- bbﬁ N Lo ameET TR T
was used to solve all UAV sub-problems, consistent witl 3”»“« % © ; 3,»>»>>';%‘"Ee
the sequential nature of the algorithm. For comparison, tt 2>>>%$>>>‘RV>P¢@ -7 By
same fifty instances for team sizes up to five were als- 90 . et ,,»vv'\:e
simulated, on the same computer, using the CMPC. Tt 1"'4 ‘e |imeemm” <«

same initial solution was used for both algorithms, with* = + ¢ & & e s A e i

CPLEX configured to search primarily for feasible, rather ) | . ies f imulati f
than optimal, solutions and taking the first one found bF'g'Z' Example Trajectories for Simulations of Teams of

its search procedure. For the on-line optimizations, CPLE -7 UAVs using Decentralized MPC. The numbers denote

was configured to seek optimal solutions and subjecteI e planning order and circles mark the goals.
to a ten minute computation time-limit, after which the
best feasible solution available was employed. The larger
problems, with six and seven UAVs, were not attemptedtep are considered, as the problem complexity varies as
using the centralized method as the computation timd$AVs proceed towards their goals. The results for the
became prohibitively long. decentralized algorithm are the summed times for all the
In all the scenarios, all UAVs reached their respectiveub-problems, since they are solved sequentially as shown
goals without incurring infeasibility and maintaining thein Fig. 1(a). Looking at the mean times (black dot) and
required separations. The examples in Fig. 2 show hothe standard devation envelopes (dark gray bar), it is clear
the UAVs divert from their direct routes to their goalsthat the decentralized method offers a considerable compu-
to avoid collisions. The order of planning, outlined intational advantage, averaging over twenty times faster than
Fig. 1(a), is marked in the figures. The results indicateentralized for problems of five UAVs. The ranges (light
that the significance of planning order is unclear and highlgray bar) show that there are, however, some rare cases in
problem specific. In the two-, three- and six-vehicle casesyhich the DMPC controller can take around ten minutes to
UAV 1 goes straight to its goal, but in the four- and five-solve. The DMPC computation load still grows nonlinearly
vehicle cases, UAV 1 diverts to avoid others. Thus there isith team size, to be expected as the inherent complexity
no apparent consistent advantage to planning first or lastof the problem grows as the UAV “density” increases.
) ] ] However, it is clear that the rate of increase is much slower
A. Computation Time Comparison than for CMPC. Fig. 4 shows the average solution times for
Fig. 3 and Table | present data comparing the totadhe decentralized MPC experiments broken down by sub-
computation times for the centralized and decentralizegroblem. This shows that there is no clear pattern to the
algorithms. Only computation times for the second timelistribution of computation between sub-problems.
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Fig.3: Comparison of Computation Times for Randomly-Fig.4: Mean Solution Times for DMPC with up to Seven
Chosen Instances. The plot shows the mean computatibi&Vs, showing Breakdown among Sub-Problems.
times (), range of times (union of light and dark gray) and

standard deviation about mean (dark gray). there is considerable variation and no firm conclusion can
TABLE I: Computation Times be drawn.
ehioes | win | Mean | Max | Stev C. In-Flight Goal Change

5 0.73 2.§§ntralizrff4 » 64 This section shows an example involving a change of the
3 1.77 | 19.45| 60050| 87.07 goals part way through the flight. This class of uncertainty
4 1.67 | 71.91| 600.59 | 134.14 is not covered by Theorem 1, but the example shows
5 8.00 495512 teol_l.zz 206.21 that DMPC can potentially handle such a change and,
2 0.92 1_§§e” ra3'_Z5e5 0.61 crucially, does not require re-initializing using a centralized
3 153 | 4.07| 3249| 351 process. Figs. 6(a) and 6(b) show the trajectories for an
g gg Zg-gg 4‘;2-?2 4‘2-?3 example scenario with fixed goals using CMPC and DMPC,
6 6.41 | 3494 | 611.70| 66.69 respectively. Observe that the trajectories are similar for
7 6.38 | 78.14 | 635.61| 112.75 both controllers and that UAV 3 does not interact with the

other two. In the simulations shown in Figs. 6(c) and 6(d),
the goals were initially the same as in Figs. 6(a) and 6(b),
but at the third time step the goal for UAV 3 was moved
The results in Section IV-A showed that the DMPC algo+o the location shown, requiring UAV 3 to interact with the
rithm offers a considerable improvement over its centralizedther two. Comparing Figs. 6(a) and 6(c), it can be seen
counterpart in terms of computation time. This sectiothat all UAVs are diverted to accommodate the changed
compares the performance of the two algorithies the goal. However, comparing Figs. 6(b) and 6(d), it can be
optimization cost function, in this case the UAV flight timeseen that only the path of UAV 3 changes when its goal is
from start to goal. Fig. 5 shows the differences in flighthanged. This is irrespective of the planning order: when
time between DMPC and CMPC for the same fifty randontAV 3 replans for its new goal, it must choose a path
simultions described in Section IV-A. Fig. 5(a) shows theconsistent with the pre-existing intentions of UAVs 1 and 2.
mean and range of the average differenice, averaging Therefore, UAV 3 takes a more circuitous route to its new
across all UAVs in the team for each simulation. For up t@oal and there is never any cause to change the paths
four UAVSs, total flight-times using DMPC are no shorterof UAVS 1 and 2. This example suggests that DMPC
than for CMPC, but only longer by about one time step peg¢an handle broader classes of uncertainty than a simple
UAV. It is intuitive that DMPC can be no better than CMPCdisturbance action, such as ad-hoc team changes, adding
as both solve the same problem, but DMPC in a morer removing UAVs or goal changes.
constrained manner. However, for the five-vehicle cases,
some DMPC results are better than CMPC, occurring when
the CMPC optimization is terminated by its computation Decentralized Model Predictive Control (DMPC) for
time-limit with an inferior solution. Fig. 5(b) shows the teams of cooperative UAVs has been developed and demon-
flight time comparison broken down by individual UAV. strated. Simulation results for the representative example of
The trends in the mean flight time differences suggest multi-UAV collision avoidance have been presented. DMPC
slight advantage to being early in the planning order, biguarantees constraint satisfaction, in this case avoidance,

B. Flight Time Comparison

V. CONCLUSIONS
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[5] D. Q. Mayne, J. B. Rawlings, C. V. Rao, P. O. M. Scokaert,

(6]

(7]

(8]

typical flight times are 15 steps per vehicle. The plots

show the mean difference) @nd range (gray bar) over fifty (1

instances.

(1]

to the equivalent centralized algorithm, for only a small

degradation in performance, in this case UAV flight time.
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