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Abstract—An increasing requirement for satellites, space the system behaviour and to reduce operator interventions
probes and (unmanned) aircraft is that they exhibit robust [5]. We introduce the use of non-deterministic constraint-
behaviour without direct human intervention. Autonomous oper- based automata, and represent each system component by an
ation is required in spite of incomplete knowledge of an uncertain ’ . . .
environment. In particular, embedded equipment that processes amomaton model. Accor'dlng to thelenVIronmentf':lI uncertainty,
sensing data must consider uncertain input parameters while @ dedicated automaton is synthesised automatically from the
managing its own activities. We show how uncertainty may be model by a constraint solver. The synthesised automaton
addressed in constraint-based planning and scheduling functions corresponds to a branch of a conditional plan. This plan is
for aerospace equipment, contrasting with some current practice prepared offline, and the appropriate branch (automaton) is

in Integrated Modular Avionic (IMA) design. We produce a - L
conditional plan that takes account of foreseeable contingencies, selected online by the on-board system with little overhead.

so guaranteeing system behaviour in the worst case. Executing The Constraint Programming (CP) language used for mod-
a branch of the plan corresponds to synthesising a deterministic elling and solving enables the composition of our planning

finite state automaton capable of discrete event commanding of formulation with other models of the system, such as resource
an avionic sub-system. Experimental results show the feasibility consymption or scheduling constraints. The result, compared
of the approach for realistic aerospace equipment. o . . .
to traditional IMA techniques, is a more modular and composi-

tional problem representation, and thus a better representation
of global system behaviour. Further, the offline plan generation

From the first days of space missions, manned and us-complementary to purely reactive control functions. On one
manned, the need to manage uncertainty has been crudiahd, the generated plans can be a reference trajectory for
Uncertainty arises for the same reasons as on Earth an online controller [6], or be part of a cost function for
knowledge is incomplete, the environment is changing, thgodel-predictive control [7]. On the other hand, the plans can
future is unobserved — but its impact is only magnified. Whesarameterise a feedback policy for closed loop control.
designing and planning for such missions, we cannot avoid the
inherent unknowability of what might be encountered. Il. MODELLING WITH CONSTRAINT-BASED AUTOMATA

If future space and aeronautic systems are to achieve mordVe represent component activity over a fixed discrete hori-
complex missions with less human intervention, a highgon, using a constraint-based non-deterministic automaton. An
automated mission management process will be required [@kample is seen in Fig. 1. This approach has been investigated
The system must continuously operate in a changing af@t several different mission planning domains [3], [8]. For
perhaps ill-known environment, use complicated equipme®ach discrete state of the automaton, we associate a functional
and instruments, and simultaneously fulfil mission goals amgproximation that models a physical law (e.g. speed, temper-
satisfying system requirements (such as timeliness or safegfure). Thus, a state in the automaton models the continuous
In space, examples of these systems are probes and plangighaviour of the interaction between the component and its
orbiting formations, as demonstrated by the Deep Spaceervironment. Transitions between states in the automaton
Remote Agent Experiment [2]. In the aeronautic domaimodel abrupt changes in behaviour. In practice, we think of a
representative examples are Unmanned Aerial Vehicles &iate of the automaton as corresponding to a mode of operation
both military and civilian purposes [3]. of the avionic component. From one mode, the modes that

Current Integrated Modular Avionic (IMA) approaches tgould follow in a feasible sequence are specified by possible
behaviour control and planning use finite-state deterministi@nsitions in the automaton. A transition between states of the
reactive automata, by means of a formal specification [4utomaton is triggered by a composition of events. Events can
While this approach does not differentiate planning frore of two kinds:
control or sensing functions, it does necessitate a perfect Contingent eventare occurrences outside the direct con-
knowledge of the environment, and leads to a rigid specifica- trol of the agent. In the model, contingent events are
tion of the system behaviour. Hence these systems are unable represented by constraints based on physical parameters,
to handle uncertainty in an adaptive way. formulated for each time point of the horizon.

Our approach models uncertainty within a constraint-baseds Controllable commandsn contrast, are events under the
planning framework, in order to improve the robustness of direct control of the agent. In the model, controllable

I. INTRODUCTION
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0. Boost 3. Warning alarm A A .
Y In both domains, space and aeronautic, the system require-

ments are for specified behaviour in the worst case. The
@ 2 Normal alarm Al@ autonomous system must guarantee a certain performance, no
5. Falselalarm matter what values the parameters take. This means that seek-

b hesscnt ing one plan, however optimality is measured, is inappropriate

© Nomird thrus *Emege for our problem, unless the plan will hold under @lisations
o T (i.e. all anticipated scenarios). Our empirical studies, reported
@ below, strongly suggest this is not the case. Therefore, in order
6. Cool down to improve existing IMA properties (e.g. reliability, safety), we
7. Reseting " propose to generate a covering set of feasible plans.

Precisely, letP be the problem, and I6®, denote” under

Fig. 1. Discrete automaton representing the behaviour of a thr”SP%ralisationr We find a set of planss, such that for every
sub-system. States corresponds to the edges and transitions to, th . '

vertices. The temperature increases will differ in the two thrustirT aeS|bIe realisation of P, at least one element 6fis awqble_

states Boost Nominal thrus}, and in the two cooling states. Tiig ~ Plan forP... Ideally, of all the sets that cover every realisation

variables are commands, tfig variables are state time-outs. in this way (thecomplete decisions.S should have minimal
cardinality, i.e. be the smallest covering set.

The outcome of our planning function will thus be a com-
commands correspond to decision variables. These vaflete conditional plan. This corresponds to (1) synthesising
ables are distinguished as eithiene-out variableswhich 3 set of deterministic automata and a timed state sequence
model the command for interrupting a state,obioice- for each, and (2) building a discrimination tree to choose
point variables which model the selection of one ofwhich automaton to apply in which realisation. Due to the
several alternative transitions. composition of the constraints, this planning entails solving

In Fig. 1, the transition into state 3Marning alarn) is several related NP-hard subproblems.
contingent on the temperature being above a critical value;For comparison, we will also look at the plan of maximal
whereas the transition from state Resetinyinto boosted or robustness. That is, the one plan that (simultaneously) covers
nominal thrust is governed by a decision variable. as many realisations as possible. While a single plan is
In the constraint model that forms the automaton, wattractive, such aniversal decisiorwill not exist in general.
distinguish between two types of variables: uncontrollable
parametersand controllablelecision variable$9]. The value B. Constraint-Based Automata

of a parameter is imposed by the environment; moreover, OurWe now present the mathematical modelling of constraint-
knowledge of its value might be incomplete. It is through P 9

parameters that we model uncertainty, which we representb ed automata, exte_n<_jed to hgndle e_nwronment uncertainty.
intervals of discrete values et H € N be the finite planning horizon. Any € [0, H]

Planning consists of defining consistent sequences of Sta(iggresponds to a discrete time event.. bebe the ngmbe_r of
in order to reach a given target state. This corresponds to Fes of thg automatqn. Each staje i € [0,n —1] is actlye
equipment changing modes of operation, in a feasible Way,% |.nstant?t .'f. the pred|cateai(t.) holds true. By convention,
reach a target mode. The target mode is specified by missfBh'S the |n_|t.|al state andy(0) is qlvyays m_Je' .
and operational goals. The sequence (plan) must satisfy thd) Transitions, events and decision variables:transition
model-based constraints and, possibly, optimise a given pgpecificationd(a;,a;), j # i, models a change of behaviour
formance function. It is natural to use automata to represetgtween distinct states; anda;. The transitiond (0;, ;) is
the plan, because: first, this is how low-level component IMAi9gered at timet if the stateo; is active att — 1 and the
are modelled; and second, automata conveniently translate iRY§Nt @ssociated to the destination stafeholds true at:

real-life controllers for the command of equipment. Vi, GVt By (1) Aoult — 1) = 6,(0s,0;) (1)

A. Objective for Robust Planning

The planning problem we address has non-determinisg
actions due to contingent events, fully observable states, gg
ill-known data (the parameters). The uncertainty brings wi
it the question of what we seek as an outcome. In the fir é

Lnstl?ncztie,r\]/vi a':;i t? p[oguc;]e r?tbliﬁtt pl?,\r;s\:/ prlai:s uf}?ﬂrjll It? iv? contrast, the valuation of controllable events is decided by
ealisation of anticipated uncertaintyiowever, in conjunctio the associated decision variables: the comma@gsand time-

with this robust behaviour there may be other objectives, f8 ts (T}); their values are assigned by the solving process. For

!ns:ance a F]lntlmum pl!an quahty;t EItnd Ocher requirements, fﬂ{e latter time-out variables we impose that the state becomes
instance a fimit on oniine computation time. inactive after a given amount of time:

An event E;(t) € {L, T} constrains the activation of

Cgiven state. It can be a contingent event, raised due to
component’s environment, or a controllable event, or
conjunction of both. The valuation of contingent events
ends on physical parameters arising from the environment.

1if unanticipated contingent events occur, or if parameters take realised .
values outside their domains, a reactive response is necessary. See [10]. Vi, Vi _‘Ui(t - 1) N Ui(t) = 70y (t + Ti) (2)
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2) Consistent action sequencediraditional techniques C. Example: Planning the Commands of a Thruster
adopted by engineers are based on deterministic reactive auxg g running example for the paper, we introduce a rep-

tomata: in any given state, an automaton can reach exactly 9Bgentative planning problem involving a thruster sub-system:
state. These automata cannot be adapted easily to environmgaiconstrained Thruster Control ProbleCTCP). The au-

changes. Hence we propose to widen the approach by liftiggnaton of Fig. 1 is a simplified version of such a system.
the deterministic assumption, such that multiple transitions cgfe controllable events consist of a set of commands that
be specified from a given state. However, according to a giVBBripdically trigger nominal or boosted stages of thrust for

environment realisation, the selection of a unique destinatign,ariaple period of time. These different stages can be inter-

state is ensured by the constraint: rupted using time-out decision variables. Contingent events are
hardware alarms that change the equipment mode, according to
. (3) various temperature limits. Cooling modes, although triggered
Jlj s.b. 0t +1) Abi(oi, 05) by contingent events, can be interrupted by a time-out variable.
o _ The goal is to achieve a certain thrust performance in a
By (3), exactly one destination state can be active aftgf,en time window, while maintaining the internal temperature
states;. Further, since we do not consider multiple parallglithin given limits. Generating a plan for one realisation
activities, we have the constraint (4) to ensure only one stafgnsists of instantiating decision variables that correspond to
can be active at a time: commands and time-outs, while satisfying the temperature and
thrust requirements.
An instance of the CTCP is in atmospheric entry of a probe.
] For illustration, we focus on the temperature, neglecting the
It follows that the sequence of active states correspongger parameters. We represent uncertainty in parameter values
to the behaviour of the component, and the sequence b?fdiscrete, non-stochastic intervals.

intermediate commands and events represent actions. For our example CTCP, the set of states and their associated
3) Environmental constraintsFeasibility constraints, en- entry events can be summarised as follows:

tailed by environmental dynamics (e.g. speed, temperature)

Vi, Vit : oi(t) A —oi(t+ 1) =

vt, 3l s.t. o(t)

. state controllable contingent
and cumulative resources (e.g. ergol, power supply), are spec-
ified as follows. We assume that in a given state, a physical 2' Egﬁ;al thrust %:o,go
parameter evolves in a regular way, such that it can be 5 Normal boost alarm v ~ warning
approximated using a cumulative function. This is similar to 3. Warning alarm warning
a resource utilisation formulation in which the resource level 4. Emergency cool-down Ty - false alarm
att is a function of the level at — 1 alone. 5. False alarm false alarm

. 6. Cool down Ts
Let p(t) : [0,H] — N be such a physical parameter. A 7. Reseting

problem-dependent recursion describes the evolutiop(of

in terms of a dynamic functiorf; for a given stater;: From its graphical representation in Fig. 1, we see that the

automaton involves a cycle. A preprocessing function unfolds
ViVt oi(t) = p(t) = fi(pi(t — 1)) (5) fche automaton states along_the horizon; as the number of cycles
increases, so does the horizon.

Equation (5) approximates the dynamicsyéf). The initial Transitions between states are characterised as follows:

conditions of the system are represented i) and are transition predicate deterministic
arbitrarily constant. Contingent events are then defined using thUSt g%vnalggngmg no
hysical parameters an nstrai eat 00,03),0(00, 02 yes
physical parameters and a constraint Nominal temp. (o2, 06),8(01,06), yes
. (05, 06)
Vi, Vi Ei(t) < ci(pi(t)) (6) Alarm 8(03,04),0(03,05) yes
Reset 0(c4,07),0(06,07) no

Both (5) and _(6) are problem-dependent. The structure,_ andThe physical parameters, temperatii), and thrust per-
hence complexity, of these constraints can lead to very d'ﬁ‘?{irmance b(t), are approximated using families of linear

ent representations, and hence different solving performangg., ions. Each stateis associated with such a function.
4) Parameter uncertainty in the constraint modeThe Thys for this problem, (6) is:

constraint-based automaton described in this section forms a

constraint satisfaction problem (CSP) with parameters. Recall i Vi - { h(t)

that a classical CSP over finite domains is a tufeD,C), ’ b(t)

whereV is a finite set of variableq) is the set of correspond-

ing domains, and is a finite set of constraints. A solution is Constants.(0) andb(0) are arbitrarily set to known steady

a complete consistent value assignmenmiked CSH11] is values, and the performance functions are boundéd): €

a tuple (A, V,U,D,C), whereA is a finite set of parameters|0, hyax] @andb(t) € [0, bmax], Where the constarit,,.x is the

andi/ is the set of corresponding domains. maximal thruster performance.

h(t—1) + K,

b(t — 1) + B; %
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More complex constraints, including non-linear, continuoudlgorithm 1 Decomposition for covering set of plans
and disjunctive constraints, can be formulated in the same way3 < g (decis {bad realisation%
. . — ecision—environment paifs
For the purpose of_ clarlty, we restrict the temperature andgb Ui x - x Uy {environments still to be coverpd
performance recursions in this paper to be linear; even Soepeat
the global problem in the example is non-linear due to the ICh%oze an enVi_ronmre@tfro;n E
. . - et e constraints that enforce
presence of choice-points and the event formulat|ons. let P be the CSP(A UV, U UD,C U £)
Now we can state the constraints corresponding to events if p is consistenthen

warning andfalse alarm let s be a solution of P _
let d be s projected onto the variableg
VYt € 10. H) : warning(t & h(t) > B 8 R — covers(d) {realisations covered by}
0, H] 9(1) (8) 2 heritican (8) Add the paird—R to D
Vt € [0, H] : false alarm(t)<:> h(t) < Reritical 9) E — /¢ decompose(e’, R)
else
where haitical is @ threshold value lower thaliy,.,. Finally, Add e 10 B {all realisations ine infeasible;
. .. (&
the thrust must satisfy a minimum performanBg;,: end if
" untl £ =0 {all feasible realisations coveréd
return (B, D)
Z Bi > Bmin (10)
i=1

I1l. SOLVING ALGORITHMS . . - . .
approximations to a complete decision. If the algorithm is

In t.his set:tiott, we outlline' algorithme to solve fOf the tWQyiowed to finish without interruption, it returns a complete
planning objectivesmcs, finding the minimal covering set of -ynditional decision.

plans; andnrp: finding the single plan of maximal robustness. 2) mrp: Maximal Robustness PlanWe give two exact

In th_e next section we report the experimental results Wh?ﬁborithms for the task of finding the plan that is feasible for
applied to the Constrained Thruster Control Problem. o ayimal number of realisations. As before, the first is

Declaratively, the semantics of our approach are describgd,aiye method. It considers every realisation, computing all
by an operator acting on the uncertain problem to give g,qihie solutions for each. When done, it chooses of all the

element of an algebraic structure. This structure is the SUbSELR ions the plan that occurs most frequently. Unsurprisingly,
of the set of all possible plans (i.e. every plan that is feasiblg, Jithmnaive is prohibitive in both time and space.

for at least one realisation), which is a boolean algebra undeA more efficient approach is to search using branch-and-

supset incluston. The set of pIaps we derive operationetllyound over the space of feasible plabsb, the second algo-
using the solving methods below, is an instance of the certalq%m for mrp, therefore extends the CSP inference technique

closure approach to data uncertainty in CP [12]. of forward checkingwithin a branch-and-bound search tree,

We say that a realisation (s_ce_nar|o)fum5|ble|f the ©ON " \vhere the value of each leaf node is number of realisations
straints of the problem permit it to ever occur (othenms& covers. This type of algorithm is familiar in CP, and in

infeatsible. A feasible.realisa_tiorr s g_ood if some solution this context is a non-probabilistic version of that for no
s exists for the decision variables, given that the Parar_net%rﬁservability probabilistic CSP [9].

have taken their values undefotherwisebad); thens is said
to coverr. By robust we mean that a solutiogy covers more
realisations than a solutios.

1) mcs: Minimal Covering Set of PlansWe give two We modelled the example problem, and implemented the
algorithms for the task of finding a set of plans that cover evesplving methods, using the EQRS’ system [13]. We consider
realisation. Neither guarantees the set of minimum cardinalitjie CTCP with three classes of magnitude of uncertainty, and
the trade-off is that a smaller covering set yields a momith three different performance requirements. The former,
compact conditional plan, but might take more time to find.denoted A-C, have intervals of modest, intermediate, and

The first algorithm,heuristic  , is a naive method: it broad width respectively. The latter, denoted by a performance
considers every realisation. The idea is to first computeohjective as a percentage of the maximum possible, are set at
heuristic plans that is likely to cover many realisations. For &0, 70 and 90% (contrast with (10)). For each of the nine
realisationr, if § is feasible, we are done; if not feasible, weproblems that result, we solve for a number of cycles in
compute from scratch a feasible plan Bf. 1...10. Many of the instances are infeasible for higher time

A more efficient approach is, for each plarcomputed, to horizons under any realisation, indicating that if we attempt
remove from future consideration all realisations covered Bbg thrust for so long, the probe will unavoidably overheat.

s. This is the underlying idea of the decomposition algorithm 1) mcs: Minimal Covering Set of PlansFor the heuristic
decomp, given as Algorithm 1. It is based on the conditionainethod, we chose as the heuristic solutiothat correspond-
decision method for mixed CSPs with full observability [11]ing to the realisation where every temperature increment is
Central to the method are so-calledvironments— set of maximal. The intuition is that the plan for the worst case may
realisations — and their judicious decomposition. The resuéind to be robust for other cases. Compared with other simple
is an anytime algorithm that computes successively closgroices, we found this heuristic performed best.

IV. EXPERIMENTAL RESULTS
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Fig. 2. Algorithms compared on the constrained thruster control problem.

In Fig. 2(a) we plot the ratio of plan sizes bkuris-
tic over decomp; thus the greater the value, the greater
the advantage to the decomposition algorithm. Note that the™
vertical axis is on a logarithmic scale. The greatest differenc
between the methods is seen for each instance to be when th. cn
instance is at its hardest; beyond this critical point, the instancg
tends towards infeasibility, and the ratio of plan sizes in ol H’ | J ‘ ol
Fig. 2(a) tends towards unity. In some more tightly constraine e —__
instancesdecomp can take longer; but its running time is
more ConS.IStem than the heurlstlc meth.Od between, mstanq%j.& Example of solutions for two close realisations. The horizontal bars
Moreover, if we measure quality of solution by the size of thgenote the state of the synthesised automata, and the vertical lines denote the
set produced, thedecomp consistently yields better quality temperature at each transition. Observe that the first thrusting stages differ.
solutions across other problem instances.

2) mrp: Maximal Robustness Plarfig. 2(b) shows, as the
line marked with boxes, the number of realisations coverégen across all the CTCP classes. This means that there are
by the most robust plan. We observe that the most robust pf#any potential realisations for which the plan manager would
covers a large majority of the plans when the horizon is shofgve to take remedial action online.

As the number of Cyc|es increases to 4 or 5, however, a_ndFlg 3 demonstrates the SenSitiVity of solutions to the CTCP
the plan space becomes larger, the percentage of realisatiéhgerturbations in parameter values. It shows optimal plans
covered drops sharply. This effect is more pronounced as fié two realisations; the realisations differ in the value of only
amount of uncertainty, and so the number of realisatiorf¥)e parameterk; = 3 versusk, = 4. This sensitivity, first,
increases. As anticipatedy+b easily outperformsnaive , €Xplains why robust plans are hard to find, and second, makes
which Strugg|es for the harder instances. interval reasoning on the parameters difficult to apply

3) Discussion:In Fig. 2(b), we also plot the sum of the
time (in seconds) to calculate the optimal plan for each
realisation, and the time fancs by decomp, together with Planning in the space domain is reviewed in [2]; here and
the percentage of feasible realisations and the percentagenoferonautics, active research is ongoing into autonomous
these covered by the most robust plan (the latter two datasgtstems, and planning is central to their behaviour [14].
scaled by two). Our results indicate that the hardness ofAn example, noteworthy as the first autonomous system to
the CTCP jumps, before declining again once all realisatiogs into space, is the DS1 Remote Agent. Here, an embedded
become infeasible: observe the peak in difficulty Torycles; constraint planner deals with medium-term spacecraft activ-
infeasibility occurs at 8 cycles. The time and percentage ities while a low-level system provides short-term reactions
feasible realisations appear to be inversely related. [10]. Although DSL1 is innovative, it handles only limited con-

Secondly, Fig. 2(b) shows an inverse relationship betweetraint classes and lacks modelling of ill-known parameters.
problem difficulty and plan robustness. The maximally robust Our approach to planning under uncertainty corresponds
plan in general covers a small percentage of the feasilbde contingentplanning (for mcs) and conformantplanning
realisations, at least for non-trivial cases. Similar trends affer mrp) [15]. However, application of much existing work

V. RELATED WORK
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on planning under uncertainty to avionic equipment contrgivolves two factors. The first is when the true values of the
is difficult. Besides the domain-specific requirements notgéirameters will be acquired; the second is the interleaving of
earlier, actions must be scheduled with respect to rich tempopédnning and execution. Besides studying larger and broader
constraints, and the system must cope with large-scale prelzsamples, future work will look to integrate planning functions
lems. Moreover, for low-level components, behaviour must ieto avionic architectures exposed to uncertainty.
guaranteed in the worst case. The latter point, together with
the difficulty of estimating probabilities, also hampers the use o _ _ _
of Markov Decision Processes. We thank rard Verfaillie for his advice. This work was
Of the planners that model incomplete information, MBPartially supported by the EPSRC under grant GR/N64373/01.
uses a language which conceives of a plan as a (deterministic)
finite state automaton [16]. MBP accommodates uncertaintl] &, Verfailie. “What Kind of olanni 4 sched  for th
B g . _ gl . . . Verfaillie, “ at kind of planning and scheduling tools for the
in initial state, besides non-deterministic actions and par_tlgll future autonomous spacecraft?” Rroc. ESA Workshop on On-Board
observable effects. In contrast to our approach, it uses disjunc- Autonomy Oct. 2001.
tions rather than intervals to represent uncertainty, and is n& A. _JOHSSIOFL P. Morris, N-T’\:l]uscettolgy K. RaJanhand Z ggétg,égégnnlng
: - in interplanetary space: Theory and practice,Piroc. ' .
deSIQne_d to handle temporal nor het?mgeneous ConStramt_SB] B. Allo, C. Guettier, V. Legendre, J. Poncet, and N. Strady-Lecubin,
Despite the development of generic, expressive constraint- “Constraint model-based planning and scheduling with multiple re-
based planners, less work considers constraint-based plannin éOlgces a:dBCO"]N;X Igo"abc_)fgtlol_ndS_Chfﬂéayl':mC- A'PS(;OFf %0082_-
. . . . . . berry, A. bouall, X. Fornari, E. Ledinot, £. Nassor, an . de simone,
“”F’er uncertath'.one exceptlon IS F_"a”“'”g W'th a cIas; dfl “Esterel: a formal method applied to avionic software development,”
universally quantified constraints for incomplete information  Science of Computer Programmingpl. 36, pp. 5-25, 2000.
[17]. On the other hand, robust planning with constraints hal§] G. ;/effai”iegE- Beﬁsana, C. MiChebn-Egef)é and N. Batailllleg;?_ealing
. . with uncertainty when managing an earth observation satellitd7raoc.
been SL_jcce_SSfu"y ShOWI’]_ for simple temporal prObI?mS with 2nd Intl. Symp. on Spacecraft Ground Control and Data Syst&889.
uncertainty in task durations [18]. Away from the fields of[s] A. Bemporad and M. Morari, “Control of systems integrating logic,
planning and intelligent control, robust computation is well- dynamics, and constraints,” Automatic Control Laboratory, ETH, Zurich,
. . . S Tech. Rep. AUT98-04, 1998.
developed in both engineering a”d. opt!mlsatlon,_e.g. [19]. [7] D. Q. Mayne, J. B. Rawlings, C. V. Rao, and P. O. M. Scokaert, “Con-
More generally, handling uncertainty in constraint program- = strained model predictive control: Stability and optimalititomatica
ming is an emerging area of research [12]. Robust decisiog \F')O'}-(,%ré‘oéﬁwllol_- 789_81(14'1\/|JUAn§ 2000. “Execut ; el
making under anticipated future events is considered in [20f° ™ Kim. B. C. Williams, and M. Abramson, "Executing reactive, model-

. i . based programs through graph-based temporal planning?tao. 13-
Our search for a conditional decision uses techniques from the caro1, Aug. 2001.

mixed CSP framework [11]. [9] H. Fargier, J. Lang, R. Martin-Clouaire, and T. Schiex, “A constraint

| traint-b d trol ic f kb d satisfaction framework for decision under uncertainty,Pimc. UAI'95,
N constraint-nased control, a generic framework based on Aug. 1995, pp. 167-174.

multiple constraint solvers is presented in [21], while thgo] D. Bernard, G. Dorais, E. Gamble, B. Kanefsky, J. Kurien, G. K. Man,
advantages of composing logical propositions and constraint W- Millar, N. Muscettola, P. Nayak, K. Rajan, N. Rouquette, B. Smith,
f lations in modelling are presented in [6] In model- W. Taylor, and Y.-W. Tung, “Spacecraft autonomy flight experience: The
ormf" ’ ' g p_ - 0 ’ DS1 Remote Agent experiment,” iroc. AIAA'99 June 1999.
predictive control (MPC), constrained optimisation techniquesl] H. Fargier, J. Lang, and T. Schiex, “Mixed constraint satisfaction: A
can be used to solve the plant control problem online [7] Our framework for decision problems under incomplete knowledgePric.
h ech in- bust MPC, in that satisfaction of; A Ao Aug. 1996, pp. 175-180.
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