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Abstract— This paper extends prior work on the persistent
mission problem where real-time changes in agent capability
are included in the problem formulation. Here, we couple the
mission planner with a low-level adaptive controller in real-
time to: (1) Provide robustness against actuator degradations
and (2) Use parameters internal to the adaptive controller to
provide valuable insight into the physical capabilities of the
agent. These parameters, in conjunction with sensor health
information, form a more complete measure of agent capability,
which is used online and in forward planning to enable both
reactive and proactive behavior. Flight results are presented for
a persistent mission scenario where actuator degradations are
induced to demonstrate: (1) The robustness of the composite
adaptive controller and its successful integration with the agent-
level health-monitoring and mission-level planning systems and
(2) The reactive and proactive qualities of the planning system
in persistently re-tasking agents under actuator and sensor
health degradations.

I. INTRODUCTION

In the context of teams of coordinating agents, many
mission scenarios of interest are inherently long-duration
and require a high level of agent autonomy due to the
expense and logistical complexity of direct human control
over the individual agents. Such long-duration missions are
practical scenarios that can show well the benefits of agent
cooperation. However, they can also accelerate mechanical
wear and tear on an agent’s hardware platform and increase
the likelihood of related failures. It is important that the
planning system accounts for the possibility of these failures
when constructing a mission plan. Planning problems that
coordinate the actions of multiple agents, where each of
which is subject to failures are referred to as multi-agent
health management problems [1,2].

One approach to multi-agent health management problems
is proactive [3] by constructing a plan based on stochastic
models which capture the inherent possibility of failures.
Using stochastic models increases the complexity of com-
puting the plan, as it then becomes necessary to optimize
expected performance, where the expectation is taken over all
possible scenarios that might occur. However, since proactive
planners prescribe actions that mitigate the consequences of
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possible future failures, the resulting mission performance
can be much better than that achieved by a reactive plan-
ner (naturally, depending on the validity of the underlying
stochastic models).

This research aims to develop a proactive mission planner
for a team of autonomous agents in the presence of sensor
and actuator degradations. The problem becomes challenging
when stochastic models for sensor and actuator health are
included in the formulation as well as stochastic dynamics
for fuel consumption. Previous work has shown dynamic pro-
gramming techniques to be a well-suited solution approach
when planning for persistent missions [4]. For example,
in [4] the planning problem is formulated as a Markov
decision process (MDP) and solved using value iteration.
The resulting optimal control policy showed a number of
desirable properties, including the ability to proactively recall
vehicles to base with an extra, reserve quantity of fuel which
resulted in fewer vehicle losses and a higher average mission
performance. Similarly, the persistent mission planner is
formulated here as an MDP and an approximate dynamic
programming technique called Bellman residual elimination
[5] is implemented to compute an approximate control policy.

In addition to broadening the on-line metric for agent
capability to include actuator health, another important con-
tribution of this research is to couple the MDP mission
planner with a low-level adaptive controller in real-time. To
accomplish this, the vehicle’s baseline controller is retro-
fitted with a composite model-reference adaptive controller
(CMRAC) designed to provide robustness against actuator
degradations. Parameters internal to the adaptive controller
provide valuable insight into actuator health and therefore
into the physical capabilities of the agent [6]. The agent’s
health monitoring and diagnostic system (HMDS) utilizes
these adaptive parameters in conjunction with sensor health
information to form a more complete measure of agent
capability in real-time. This capability metric is used online
and in forward planning to enable both reactive and proactive
behaviors against sensor and actuator degradations.

The remainder of the paper is outlined as follows: The
multi-agent persistent mission planning problem is described
and formulated in Section II, following which the technical
details of the HMDS are given in Section III. Results of
flight tests performed at Boeing Vehicle Swarm Technology
Lab (VSTL) [7] are then provided in Section IV, followed
by some concluding remarks.
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Fig. 1. N agents cooperate to continuously survey a specified region and
to track any objects of interest discovered there. This behavior is to be
maintained even under sensor and actuator health degradations.

II. PROBLEM FORMULATION

Figure 1 depicts a possible theater of operation for such a
mission with several distinct “locations”. Agents coordinate
and move between these locations such that a specific num-
ber are in the surveillance location at any given time to search
for new targets and track those already discovered. The
maintenance base location is for agents who have suffered
sensor and/or actuator degradations while the refuel base
location is more conveniently located so as to minimize swap
times for fully operational agents only needing fuel.

Given the qualitative description of the persistent surveil-
lance problem, an MDP can now be formulated. An infinite-
horizon, discounted MDP is specified by (S, A, P, g), where
S is the state space, A is the action space, P;;(u) gives the
transition probability from state ¢ to state j under action wu,
and ¢(i,u) gives the cost of taking action u in state i. We
assume that the MDP model is known and is a function of
the agent health metric (detail in Section III). Future costs
are discounted by a factor 0 < ao < 1. A policy of the MDP
is denoted by p : S — A. Given the MDP specification, the
problem is to minimize the cost-to-go function J,, over the
set of admissible policies II:

min J,(i9g) = minE
pell H( 0) pell

Za’“g(z‘k,u(ik))] M
k=0

For notational convenience, the cost and state transition
functions for a fixed policy p are defined as

g, (i) 2
Pi'(u(i))7 (3)

respectively. The cost-to-go for a fixed policy p satisfies the
Bellman equation [8]

Ju(i) = gl' + @Y PLIL(j) VieS, (4)
JjES

R
g9; =
[T
P ;=

which can also be expressed compactly as J,, = T},J,, where
T,, is the (fixed-policy) dynamic programming operator.
A. State Space S

The state of each UAV i, i € {1... N}, is given by four
scalar variables describing the vehicle’s abstract location,

fuel remaining and health status. The location is described
by l; € {Ly, Lo, ..., Ls_1,Ls, L, }, where Ly, represents the
base location, L ...L,_1 are intermediate locations, L is
the surveillance location and L, is a special state denoting
that the vehicle has crashed. It is important to note that this
representation does not place any restrictions on the physical
separation between locations.

Similarly, the fuel state f; is described by a discrete set
of possible fuel quantities, f; € {0, Af,2Af, ..., Fiaz —
Af, Frax}, where Af is a suitable discrete fuel quantity.

An agent’s health status h; is described by a discrete set of
health attributes, hl € {H07 Hl, HQ}, where Ho, H1 and H2
denote the agent as functional, sensor impaired and actuator
impaired respectively.

The total system state vector x is thus given by the states
l;, fi and h; for each UAV 1, along with the number of
requested vehicles 7:

X = (l17f1>h1; 127f27h2;
B. Control Space A

o vy Iy b )

The controls w; available for the it UAV are drawn from
the set {+,0, —}. Actions resulting in an agent moving out
of bounds are not available. Additionally, if an agent has
crashed, i.e. l; = L, it can take no action (u; = (). The full
control vector u concatenates the controls for each UAV:

_ T
u=(ug,...,un)

C. State Transition Model P

The transition model P encodes agent dynamics, and is
partitioned for each individual UAV. Agent location dynam-
ics are described by the following deterministic rules:

 If action u; = + is taken, agent % moves one unit closer
to the surveillance location L

o If action u; = — is taken, agent ¢ moves one unit closer
to the base location L,

o If action w; = 0 is taken, agent ¢ remains in its current
location

o If at any time UAV i’s fuel level f; reaches zero, the
UAV transitions to the crashed state (I[; = L,)

o If [; = L,, agent ¢ has crashed and remains in the
crashed state forever afterward

Dynamics of the fuel state f; are:

o If [; = Ly, then f; increases at the rate Fre Fuel

o If I; = L,, then the fuel state remains the same

o Otherwise, agent ¢ is in a flying state and burns fuel at a
stochastic rate: f; decreases by Fbum with probability
py and decreases by 2F)m With probability (1 —py).

Dynamics of the health state h; are:

o If l; = Ly, then h; is reset to h; = H (agent ¢’s health
is restored, i.e. sensors and actuators are fixed)

o If [, = L,, then h; remains the same (agent i has
crashed)

o Otherwise: agent ¢’s sensor is degraded with probability
ps and actuator fails with probability p,
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Fig. 2. Parameters A from a composite model-reference adaptive control
(CMRAC) scheme are used in the calculation of each agent’s health status
and factored into future plans by the mission planner.

D. Cost Function g

The cost function g(x,u) penalizes several undesirable
outcomes, including gaps in surveillance coverage (i.e. times
when fewer vehicles are in the surveillance area than were
requested). Also, a small penalty is incurred for vehicles in
the surveillance area with inadequate sensor capability. An
additional small cost is associated with each unit of fuel used,
which prevents the system from simply launching every UAV
on hand - which would certainly result in good surveillance
coverage but is inefficient. Also, a small cost is prescribed
to vehicles with off-nominal actuator health that are not in
a base location. Finally, a high cost is associated with any
vehicle crashes. The cost function can be expressed as

g(x, u) - Cvlocén + Cdsnds + Cdanda + Cfnf + +Cc7’lc

where 6, = max{0, (r — ns(x))}, ns(x) is the number of
UAVs in surveillance area, ngs(x) is the number of UAVs
in surveillance area with a degraded sensor, ny,(x) is the
number of UAVs with degraded actuator health that are not
at a base location, n¢(x) is the total number of fuel units
burned, n.(x) is the number of crashed UAVs and C,.., Cys,
Caa, Cp, and C, are respectively the relative cost of: a loss
of coverage event, a vehicle with a degraded sensor in the
surveillance location, a vehicle with a degraded actuator not
in a base location, one unit of fuel usage and a vehicle in
the crashed state.

E. Approximate Solutions to the MDP

Bellman Residual Elimination (BRE) is a approximate
policy iteration technique that is closely related to the class
of Bellman residual methods [9]-[11]. Bellman residual
methods attempt to perform policy evaluation by minimizing
an objective function of the form

1/2
~ ~ 2
>[5 - 1.7.6) (5)

icS

where .7“ is an approximation to the true cost function J,
and S C S is a set of representative sample states. BRE uses
a flexible kernel-based cost approximation architecture to
construct J,, such that the objective function given by Eq. (5)
is identically zero. Details outlining the implementation of
the BRE algorithm can be found in Ref [3].

III. HEALTH MONITORING AND DIAGNOSTIC SYSTEM

An onboard health monitoring system collects local data
and provides a measure of agent health. The contents of
this measure can vary greatly, depending on the application
domain. In this research, the onboard health monitor collects
observations regarding sensor and actuator performance and
updates internal models accordingly. To support the internal
actuator model, the HMDS collects updated parameters in-
dicating the deviation of actual from nominal efficiency, for
each actuator. These parameters are updated as a byproduct
of running a composite adaptive controller which provides
robustness to actuator degradations. These parameters pro-
vide key insight into the capability of the mobile agent, and
its ability to perform its advertised range of tasks.

Figure 2 shows the connection between the parameters of
the adaptive control scheme and actuator health. The key
concept being that the adaptation used to keep an agent’s
ailing vehicle aloft can also give good insights into its now-
reduced expected performance. In other words, controller
adaptation could be a first line of defense against vehicle
component degradation as variations in the adaptive control
gains effectively act as vehicle health indicators. Though
not directly integrated within the HMDS, the composite
adaptive controller is the source of vital information into the
HDMS. Therefore, the following sections outline the theory
and development of the composite model-reference adaptive
controller (CMRAC) for a quadrotor helicopter.

A. Composite Adaptive Controller Design

As recently shown in Ref [6], the linearized quadrotor
dynamics can be written as:

ip = Apry + BpA(u + 0T w), (6)

where B, € R™ is constant and known, A, € R™" is
constant and unknown, x, € §RZ, u € R™, A € MM i
an unknown diagonal positive definite constant matrix with
diagonal elements % € (0,1], # € R™™ is an unknown
matched parameter uncertainty, and w = [z 7T 1]T is
the regressor vector, where z, is the extended system state,
the dynamics of which are described in Equation (7). The
goal is to track a reference command r in the presence of
the unknown A,, A, and 6.

We define the system output as y, = Cpxp, where Cp is
the known measurement matrix. In our case, let y, be a vector
of measured states consisting of the quadrotor position in
cartesian coordinates and heading with respect to the inertial
frame. The output tracking error is then given by e, = y, —r
and augmenting (6) with the integrated output tracking error
yields é,, = e, which leads to the extended open loop
dynamics, described by

4y = Ay + BiA(u + 07w) + Ber. (7)
where z; = [z] egj]T is the extended system state vector.
The extended open-loop system matrices are given by

|4, O | Bp |10
At* |:Cp O:|7Bt |:O 7Bc* |:_I:|7 (8)
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and the extended system output becomes
Yt = [Cp 0} zy = Cyxy. )
1) Reference Model: A nominal controller of the form

(10)

Unom = Kazirta

can be designed for the system in Equation (7) in the case
where there is no uncertainty, (i.e. A = I"™*"). The feedback
gains K, can be selected using LQR or classical design
techniques. The reference model used by MRAC is the closed
loop system given in Equation (7) with no uncertainty and
with the control input given in Equation (10), as shown by

(1)

2) Direct Adaptive Controller: Adding to the baseline
controller, an adaptive control input is

T = ATy + Binom + Ber = Ao + Ber.

Ugd = IA(gmt + éfr + 9d = éTw, (12)

where 67 = [K T gr éﬂ are time-varying adaptive
parameters that will be adjusted in the adaptive law given
in Equation (14) below. The overall control input is thus

U = Ugd + Unom = éTW + wat + 7. (13)
The canonical adaptive law is given by
6 = —Twe PB;, (14)

where I' is a diagonal positive definite matrix of adaptive
gains, e = xy — T, is the model tracking error, and P is the
unique symmetric positive definite solution of the Lyapunov
equation AT P+ PA,, = —Q, where ( is also symmetric
positive definite. This adaptive controller is based on non-
linear stability theory [12]-[17]. The augmented structure of
the adaptive controller implies that in the nominal case (i.e.
no parameter uncertainty) the overall system is equivalent
to the baseline controller. However, when failures or other
uncertainties arise, the adaptive controller works to eliminate
reference-tracking errors and thereby assists the baseline
controller in maintaining both stability and performance.

3) Combined / Composite Adaptive Controller: The so-
called CMRAC conjecture [18], states that better transient
characteristics can be obtained by using prediction errors
in addition to tracking errors in the design of adaptive
controllers. Thus a Combined (or Composite) MRAC struc-
ture was developed by combining aspects of direct and
indirect adaptive control. This conjecture has been supported
by numerous simulations confirming that indeed CMRAC
systems had transient performance better than that of direct
MRAC alone [19]-[22]. The CMRAC conjecture, however,
remains unproven.

The particular version of CMRAC used in these studies
differs from some previous formulations [21,23,24] in that:
it is applicable to a generic class of MIMO dynamic systems;
online measurements of the system state derivative are not
required; and the system is designed to augment a baseline
linear controller [25]. To generate the prediction error signal
required for indirect adaptation, we first rewrite the dynamics

of (7) as
th + )\fﬂ]‘t = )\fJUt + Aml‘ + BCT

15
+BA (u + QTw) , (15)
and introduce a stable filter
As
G(s) = 16
)= 775 16)

where Ay > 0 is the filter inverse constant. The filtered
version of x; is denoted x¢, and is described by the dynamics

.’,.Etf—F)\fl'tf :)\fl’t (17)

Substituting Equation (17) into Equation (15) and letting z =
Ty — Ty, WE have

i Az = Apae + B+ BA (u+60Tw),  (18)

and, consequently

t
= 2(t */\ftrur/ “Art=mrg,
2= 2(to)e N )

+B.r(n) + BA (u(n) + 0" w(n))] dn.

Without loss of generality, we can assume that the filter dy-
namics of Equation (16) and the plant dynamics of Equation
(18) have the same initial conditions, that is, z(¢y) = 0. Not-
ing that the integral in Equation (19) represents application
of the filter in Equation (16), we can rewrite Equation (19)
as
T, r U w

Ty — 1y, = Am)\—; - BC/\—’; + AA—; + AQTA—;, (20)
where 7y, uy, and wy are filtered versions of r, u, and w,
respectively. Assuming that B is full rank, we can rearrange
Equation (20) as

(BTB)_1 BT ()\f(xt —x¢,) — Ant, — Bcrf)

(21)
= AUf + A@ijc.

We now denote the left-hand side of Equation (21) as Y €
R™ and note that the value of Y can be computed online at
every time instant ¢ using the state xy, the filtered state x,
and the command input r. The right-hand side of Equation
(21) contains the unknown parameters A and 6, which can
be estimated using the predictor model

Yf:[\(uf+0Awa). (22)

The predictor error ey = Y — Y can thus be written as
ey = Moy + A (ug +67wy). (23)

Including the indirect adaptation is accomplished by simply
adding indirect adaptive terms to the direct adaptive laws
given in Equation (14), yielding

AT =—I'p (u—i—éTw ) el
; )y 24)
0 =Ty (weTPB - wf%e?f) .

It is clear that in the case where . = 0, the above adaptive
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Fig. 3. The Boeing Vehicle Swarm Technology Laboratory (VSTL), a
state-of-the-art rapid prototyping indoor flight testing facility [7].

control laws reduce to those of (14). Stability can be shown
using the Lyapunov function candidate [25]

V=elPe+Tr (9~TI‘519~A> + Tr (Arxlj\T) (25)

with derivative

V= feTQe — 2'yce$ey <O0. (26)

The system is therefore globally asymptotically stable by
Barbalat’s lemma and the tracking error and prediction error
asymptotically converge to 0.

It is clear from Equation (24) that, in addition to the
parameter estimates 6, the CMRAC approach also explicitly
generates estimates of A. The diagonal elements of A can
be viewed as estimates of the current health of the vehicle’s
actuators, specifically indicating the deviation from nominal
efficiency, for each actuator. These are the A parameters
passed to the onboard HMDS, as shown in Figure 2.

IV. FLIGHT RESULTS
A. Experimental Setup

Boeing Research and Technology has developed the Vehi-
cle Swarm Technology Laboratory (VSTL), an environment
shown in Figure 3 for testing a variety of vehicles in an
indoor, controlled environment [7]. VSTL is capable of
simultaneously supporting a large number of both air and
ground vehicles, thus providing a significant advantage over
traditional flight test methods in terms of flight hours logged.

The persistent surveillance mission described in Section 11
was implemented in the Boeing VSTL with static search and
dynamic frack elements. A heterogeneous team of six agents
(4 UAVs and 2 UGVs) began at a base location and were
tasked to persistently search the surveillance area. As threats
are discovered via search, additional agents were called out
to provide persistent tracking of the dynamic threat(s).

B. Results

This section presents representative results of flight tests
of the multi-agent persistent mission planner in Boeing’s
Vehicle Swarm Technology Laboratory [7]. Figure 4 shows
the team of six agents persistently searching a surveillance
region and tracking discovered threats. The figure is divided
into two axes. On the top, each agent’s location is represented

by a colored line as well as with a unique marker shape. On
the bottom axis, the health status of U AV; is shown in the
form of the A value corresponding to the degraded actuator
and the output of the onboard HMDS.

Following the blue line (with blue dots) in the top axis
of Figure 4, it is seen that UAV; experiences an actuator
failure shortly after reaching the surveillance location. The
failure is externally induced and, as shown on the bottom
axis, CMRAC immediately detects a change in performance
and the A parameters react accordingly to maintain stability
of the vehicle. Also shown on the lower axis, the HMDS
uses these controller parameters to quickly estimate the
vehicle’s health status and inform the planner of UAV;’s
degraded health state. After returning to base for repairs,
UAV; again enters the MDP-governed rotation of vehicles
into the surveillance region. This failure-stabilize-estimate-
repair cycle is repeated several times to show persistency.

In summary, the results given in Figure 4 show well the
significance of successfully integrating low-level adaptation
parameters with the mission-level planning system. This is
evidenced by fast reaction times at the planner level to
failures at the agent level, which are enabled by the collection
and proper conditioning of observations at the agent level by
the HMDS so concise, relevant information is passed up to
the mission level.

V. CONCLUSIONS

This paper presented an extension of previous work on
the persistent mission problem where real-time changes in
agent health were included in the problem formulation. Both
sensor and actuator health were included in the metric for
agent capability. Actuator health was monitored as a result
of augmenting the baseline agent controller with a composite
model-reference adaptive controller, which was designed to
provide stability and robustness against actuator degrada-
tions. Parameters internal to the composite adaptive con-
troller provided valuable insight into the physical capabilities
of the agent and were used in conjunction with sensor health
information to form a more complete measure of overall
agent capability. The combined metric was used online and
in forward planning to enable both reactive and proactive
behaviors against sensor and actuator degradations. The per-
sistent mission planner was formulated as a Markov decision
process and a distributed, approximate solution method was
implemented due to the size of the full problem. Flight test
results with induced actuator degradations were presented
which demonstrated the robustness of the composite adaptive
controller and its successful integration with the agent-level
health-monitoring and mission-level planning systems. Also
demonstrated were the reactive and proactive qualities of the
MDP-based planning system to continuously fulfill mission
obligations while re-tasking agents under actuator and sensor
health degradations.
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