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Abstract

This paper presents the design of guidance and control lawvesdmall rotorcraft-based Unmanned Aerial
Vehicle model in uncertain environment with unknown obl&tscA contractive Model Predictive Control
scheme is used to simultaneously handle obstacle avoidartgosition and attitude stabilization for
trajectory tracking. Obstacle avoidance is achieved bysidaming successively two methods: penalty
terms in the cost function or state constraints. Simulatésults are presented for these two cases.

1. Introduction

Miniature Unmanned Aerial Vehicles (UAV) are new flying ptatns that are bound to be useful for numerous civil
missions such as video supervision of roadfittavictim localization after natural disasters or inspactdf buildings

for maintenance. Military missions can also be imaginedsascthe surveillance of potentially dangerous areas.

The objective of the European project MAVDEM (Mini Aerial Mele DEMonstrator) is to study, design and test a
demonstrator of such a miniature aerial vehicle, capablmtf stationary and economic fast cruise flight. Since this
vehicle must be carriable by a single man, strong weight ameisional design constraints are taken into account. As
a part of a complete Unmanned Aerial System (UAS), a lighgiveground station is also to be included. To allow the
operator to only focus on the supervision of the UAV missuidance and control laws must be designed to stabilize
the vehicle.

As part of a theoretical background for studies on miniglwéVs and MAVDEM project, this paper deals with the
design of guidance and control laws for miniature Verticakd Gf and Landing (VTOL) UAVs in uncertain envi-
ronments, where the location of possible obstacles may keawn. Classically, a hierarchical decision and control
system is used for autonomous vehicles: a path plannerafesevay points aridr reference trajectories to be tracked
by a guidance and control layer [4, 8] . Trajectory plannifgpgthms can be designed, for instance, by using con-
strained optimization [5] or flathess-based methods [18thd UAV flies in an environment where the locations of
possible obstacles are well known, trajectory planninglmachieved ffline, before starting the mission. In the case
of an uncertain environment, where the location of obstaglay be unknown or dynamically varying, the UAV must
be equipped with a set of sensors (vision based sensoEsatic telemeters, laser scanners, etc. ) that can be used
for real time detection. Given the positions of the newlyegétd obstacles, the trajectory of the UAV must then be
modified with respect to the initial reference.

A first solution may consist in generating a new collisioegfireference trajectory. Some approaches based on Model
Predictive Control (MPC) have been proposed to generatd fmrtions of that reference in a receding horizon way
[12]. However, the real-time generation of a referenceeti@ry may be prohibitive. A preferred solution is to intro-
duce a "reactive layer" between the path planner and thkitigtayers, to modify the reference by taking into account
the detected location of obstacles. This approach is usgd]mwhere the local reactive layer combines properties of
attraction to a single goal point and repulsion from obs®clA MPC layer is used in [11] to modify the reference
trajectory, using terms that penalize the proximity to abks in the Model Predictive Control formulation.

In all these approaches, obstacle avoidance and trajettamking are achieved separately. Using its faculty to con-
sider new information as it becomes available, MPC can bd tssimultaneously deal with obstacle avoidance and
trajectory tracking.
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In this paper, a contractive Model Predictive Control ggatis used to solve both obstacle avoidance and contro! prob
lems for a six degrees of freedom model of a VTOL UAV. Basedtenformulation of [3], a stabilizing constraint is
introduced in the optimization problem used to compute tir@rol, imposing a norm contraction on prediction of the
state of the system, and hence guaranteeing closed loalitgtal trajectory tracking [2]. Additional state constints
andor penalty terms in the cost function are then defined angaetl online to represent the set of positions of the
new detected obstacles that the UAV must avoid.

In section 2, the considered model is presented as well aotiteol strategy. The design of guidance and control laws
for trajectory tracking is detailed in section 3. Modificats of the position controller to handle obstacle avoidasice
presented in section 4 as well as simulation results. The@é&asof this paper is devoted to some concluding remarks.

2. Model of UAV and control strategy

2.1 Model of VTOL UAV

The VTOL UAV is represented by a rigid body of massand of tensor of inerti&. Two reference frames are used to
parameterize its motion (cf Figure 1): an inertial refeeeframe ) = (e, &, €3) and a body frameg) = (€2, €, €})

attached to the UAV. We respectively denotedby [x y z]T andv = [vx Vy VZ]T the position and the linear velocity of
the UAV in (Z). The orientation of the UAV is given by the orientation nmatR € S Q(3) from (7) to (8), and usually
parameterized by Euler’s pseudo angles, ¢ (yaw-pitch-roll):

Co Cy S SHC—C Sy Cob G+ Sy
R=]Cs S S Sy tC Gy CrS9S—SC 1)
- Sy Co Cy Co

with the trigonometric shorthand notatiogs = coqa), S, = Sin(e), Yo € R. The angular velocity of the UAV is
denoted in®) by Q = [pqr]’.

Let F be the translational force applied to the UAV, combiningugity drag, lift and gravity components. For quasi-
stationary flight, where the lift force predominates theeotbomponents, we can assume that the aerodynamic forces
are always in the directiodg [6]. Therefore, the forc& can be written af = -7 Re; + mge, where7 represents the
magnitude of the external forces applied to the UAV in di[m:eg. We denote by = [, T»T3]" the torque applied

to the UAV in (B).

For a given vectoa € R3, we denote bya, its skew symmetric matrix, which satisfigs € R3, a,b = a x b, for the
vector cross product. The VTOL UAV dynamics are represented by:

E=v
mv = -7 Rg + mge @)
R=RQ,

IQ=-OxIQ+T

where the control inputs to be considered @randr".

Figure 1: Reference frames.
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2.2 Control strategy

We assume that a reference trajectory is given for the UAims of a desired positiogy), yaw @), and the time
derivatives/® = ¢4 andv¥ = £9.

The controller is designed according to the cascaded agpnogesented in [2]: separate controllers are developed
for the translational dynamics and for the orientation dyits, leading to a time-scale separation between these two
connected subsystems.

For the translational dynamics, the full vectorial tefiRe; will be defined as the position control inpWfRe; =

f(& v, &9V, W), It is split into its magnitude = ||f(&,v, &9, W, ¥)|| representing the first control input, and its
direction Rle; = #f(&,v, &9, ¥, V), representing the desired orientation. The desired tiiem R* can then be
deduced from the given directid®es, solving for ¢, 6, ¢) for a given specified yaw trajectopf [7].

For the orientation dynamics, we will assign the controgjteT such that the orientatioR of the UAV converges to
the desired orientatioR?, and such that the angular veloc®yconverges t@2? defined by:

R = RiQd ©)

3. Guidance and control lawsfor trajectory tracking

The contractive Model Predictive Control scheme preseintdd] is applied to design each of the two controllers.
Since the orientation controller will not converge instar@ously, the translational dynamics may be reformulated t
introduce an orientation error term:

E=v
mv = -7 Rie; + mge — 7 (R- RY)es 4
R=RQ, @

IQ=-0OxIQ+T

If the orientation controller is asymptotically stabiligi and the inpuf™ is bounded, the orientation error teri (R—
R%e; may be considered as an additive decaying perturbation améhe handled by the contractive MPC approach
with guaranteed stability.

3.1 Position controller
Consider the translational dynamics of (4). For trajectoagking, let us introduce the error variables
d m
61=§—§, 62=V—Vd, 51=k—€2+61 (5)
1

with k; > 0. The translational dynamics become:

él = - EE]_ + ﬁél
m m (6)
o kl k]_ T m m. T
(Sl = - EE]_ + E(S]_ - k—leeg + k—lgeg, - k_1Vd - k_l(R_ Rd)e?,
Defining
T m m T
X=[el6T]", u=-_Rles+ "gey— WA, d=-_(R-K 7
[ ol]  u=- Rle+ i ga— cR-Fes (7)
the dynamics (6) can be written as: .
X = fi(X,u) +d 8

Using the notations of [3], we define B, the length of the horizon of prediction and By the sampling time. For
k € N we definet, = tg + kP, Ts and divide the intervéllty, tx.1] in P, parts as follows:

th=t+Ts. Vje{o ..., Pp)

P
tk = i1
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We assume that the controlis piecewise-constant over the prediction horizon andéhice the following control
sequence:

_ o e
u() = {uit), utt . - udt )

Letus defin@(,i = X(tlj(). Attimet), the control is computed by solving the optimization protle

L .
min [ {0l + ool o

s.t. L1(X) (b)) < @1.L2(X)
Unnin < U™ It)) < Umax¥i = 0,...,Pp— 1

(9)

with Q; andS; two symmetric positive definite weighting matrices, andwat< a1 < 1. The positive definite function
L, used to evaluate the contractive constraint is defined by:

1 1
L= EE:ITE]_ + 56151 (10)

The predictions< are computed using the following model

Xi(t) = L), ul(®)
ul(t) = ueie))

- 11)
Xi=x
vee[t, Y], viefo, ..., Py -1
whereas the valu¥, used in the contractive constraint, is computed as foows
() = f1(R(D), W)
U() = u(t,"ty)
i - X1t vj=1 (12)
K™ | X, for j=0
vee[th, ¢, viefo, ..., Py-1]
Only the first componem*(tlilt‘i) of the optimal solutioru*l;(.) is used to calculate the input
7(t)) = || @t]) - mge + mA(t)| (13)

applied to the translational dynamics 0\[1# tli”]. As discussed in section 2.2, the desired value of the @tiemnt
can be computed using

1
T (t)

Ri(t)e3 = (~kaU* (t]t)) + mge — miA(t))) (14)

The whole procedure is repeated at the next sampled instaotipute the following control value d(fl.

The input boundsini, andumax in the optimization problem formulation may be chosen taueadoundedness prop-
erties for7* as presented in [2] Lemma 1 and ensure that the relation @el for the computation of the desired
orientation is well defined.

3.2 Attitude controller

Let us consider the orientation dynamics given by the lastéguations of (4). The deviation betweRmndR? can
be defined by introducing y
R=RHR (15)

UsingRR' = 4 (wherely is the identity matrix ofR¥3) andRT QIR = (RTQY),, the time derivative of (15) may be
written as )

R = RO, (16)
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with ) )
Q=0-RQ (17)
The orientation dynamics become:
R =R,
5 . - N . a e (18)
1Q=—(Q+R Q) 1(Q+RQYN+T+I1Q,R Q- IRTQ!

The equilibrium R = 14, Q = Q9) is achieved fol" = Q9 x 1Q9 + 1Q9. Let us definey = T - Q4 x 1Q4 — 1Q4. We
denote byP; the length of the horizon of prediction. Fkt € N we definety = tg + K'P, Ts and divide the interval
[tw, tw+1] in Pr parts as follows: '

th =te+Ts, Yj€{0, ..., P}

t0 =t

tg’ =t
Similarly to the position controller design, we assume thé piecewise-constant over the prediction horizon and
introduce the following control sequence:

. o L P
Yo () = {rhith). v ). vl )

At time tli(, the control is computed by solving the optimization proklem
) tijPr = = 2 : 2
min f (atr(ls - RL@) + QL@ + @) yar
7,0 Ji, Q2 Sz
< - . (29)
s.t. La(Ry, (tes1), @ (tes1)) < a2Lo(Re. Qi)
Ymin < V(") < Ymax ¥i=0,..., P~ 1

with Q, and S, two symmetric definite positive weighting matrices, andwit> 0 and 0< a, < 1. The positive
definite function,, used to evaluate the contractive constraint is defined by:

L= %tr(ld R+ %QUQ (20)

The predictions and the quantities used for the evaluatidheocontractive constraint are both computed using equa-
tions of (18) with the same formalism as introduced for thsitoan controller design.
The first componeng* (t, [t!,) of the optimal solution/",(.) is used to compute the input

T (t)) = ¥ @, 1t)) + Q4(t)) x 109(t),) + 104 (21)

which is applied to the orientation dynamics during a sangpfieriodTs. The whole procedure is repeated at the next
sampled instant to compute the value of the control torqu]at

3.3 Closed loop stability for trajectory tracking

The system (4) controlled by the proposed position andudtitcontrollers is asymptotically stable for trajectory
tracking. Elements of the proof are based on results of [8] @an be found in [2]. The predictive nature of the
proposed control scheme has been shown to be well suitabteajectory tracking, in the sense that changes in the
reference trajectory are anticipated and hence leads @ tgacking performances.

That predictive nature of MPC can also be used to anticipagsiple future collisions with the detected obstacles and
hence modify the control action for obstacle avoidance.

4. Obstacle avoidance

For obstacle avoidance, we consider the optimization prak9) used to define the position controller. Since that
problem has to be solved at each sampling instant, its fatiou can be modified online as soon as new informations
on the location of detected obstacles become available.

We assume that a navigation algorithm is used to providen ensor measurements, the numkeéts of detected
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obstacles to be considered, and their respective locatibaslso focuse on convex obstacles.

Two methods are considered: penalty terms in the cost fum@nd state constraints. Simulation results are pro-
vided for each case. For simulation, the reference trajgttobe tracked is defined by a segment at constant altitude
starting from the initial positiog?(0) = [0 0 7. The desired yaw/4(t) is chosen to be zero. We consider the case
N°Ps=2 with a spherical obstacle centered:fis = [2 2 2T with radiusr9°S = 0.5, and a vertical cylinder with infinite
height and radiusgbs = 0.5 and the axis of which intersects the reference trajectt)g,fgbiS =[662".

4.1 Penalty termsin the cost function

The obstacles are represented by the p(jﬁ‘l% = [X Vi zi]T with i € {1,...,N°b5}. A term is added in the cost
function of (9) to penalize proximity to the obstacles. Thimization problem used to compute the position control
is reformulated as

(e e K
min x! ” +”uJ + !
ui(. jt; || k(T) Q k(T) S1 Z

() Vg

= e+ [é() - &)
st L1(X) (t1) < @1L10%)

Unin < U(E™'It)) < Umax¥i = 0,...,Pp—1

2
Q?hs (22)

with K; € R* and wheree is a small strictly positive constant introduced to avoiagsilarities [11]. The symmetric
positive definite weighting matri@?bs can be used to define preferred directions of avoidance:| swelticient for
the z-axis, for example, will lead to obstacle avoidancénawy-plan.

The simulation parameters akg = K, = 15, Q%S = diag(1 1, 4) andQ3"s = diag(1, 1, 0). Controller parameters and
UAV model parameters are presented in table 1. The valug@$®fand Q3PS have been chosen to respectively achieve
vertical avoidance and avoidance in theplan.

With that representation, the shape of the obstacles isakentinto account. A good tuning of the parametérs
and Q?bs may lead to obstacle avoidance but without guarantee tedt/8v trajectory will not intersect the volumes
defining the obstacles. Indeed, as can be seen in figure 2logeddoop trajectory of the UAV is deviated from the
reference trajectory but is not collision-free, since feisects the first obstacle.

Using penalty terms, obstacle avoidance may be achieve@prgsenting, at each instant, a given obstacle by the

coordinates of its point which is the closest to the UAV. Arestsolution consists in representing the obstacle by a set
of points defining its shape. In that case, a representatisacon state constraints can be used.

4.2 State constraints

The obstacles are represented by ellipsoids. For a givaaabscentered irg—‘iObs =[% Vi a]T, the set of coordinates
that the UAV must avoid is represented by a quadratic coinstra

(E(r) - EPYTPOE(D) — %9 > 19 vre [t PP] vie (L. NP (23)
which is added to the optimization problem (9).

The symmetric positive definite weighting matrice®s chosen for simulation ar®$"s = diag(1 1, 1) and PSS =
diag(11,0).

Table 1: Controller and UAV parameters

Position Controller Attitude Controller UAV model
k1 =3.2 1=1
PpTs=3s PrTs=1s m= 8 kg
Q: = diag(22,2,5,5,5) Q=g | = diag(Q32,0.32 0.52) kg.n?
S1=lg S, =g g=9.81m.s?
a1 = 0.5 o = 0.1
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Figure 2: Obstacle avoidance using penalty terms
Reference trajectory (dashed line), closed loop trajextdor avoidance
of obstacle 1 only (solid line) or obstacles 1 and 2 (dasHide}

-2 : ‘ i : -2

Figure 3: Obstacle avoidance using state constraints
Reference trajectory (dashed line), closed loop trajextdor avoidance
of obstacle 1 only (solid line) or obstacles 1 and 2 (dashide}
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The closed loop trajectories obtained in the case of presehthe first obstacle only, and in the case of the two
obstacles are plotted in figure 3. Avoidance is well achieusihg privilegiate directions for each kind of obstacle:
avoidance of the sphere by vertical evasion, and avoidaite @ylinder by avoidance maneuver in thgplan.

5. Conclusion

We have presented the design of guidance and control lawtsajectory tracking of a Vertical Take fDand Land-

ing Unmanned Aerial Vehicle model in an uncertain environm&here the location of obstacles may be a priori
unknown. In that case, the pre-planned reference trajeatary lead to collision and the vehicle must be capable of
obstacle avoidance. Based on a contractive Model PrediCtntrol scheme, a cascaded controller has been designed,
composed of a position and an attitude controller. The jwositontroller is hence modified to take into account the
location of detected obstacles and achieve both obstaoldance and trajectory tracking. Two modifications have
been presented: introduction of penalty terms in the caosttfon and state constraints. Both methods allow to take
into account the locations of obstacles detected onlinecbllision free avoidance is only guaranteed by the state
constraints approach. Simulation results have been pexséar the two cases.
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