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Abstract— In large-scale persistent missions, the vehicle
capabilities and health often degrade over time. This paper
presents a Health Aware Planning (HAP) Framework for long-
duration complex UAV missions by establishing close feedback
between the high-level planning based on Markov Decision Pro-
cesses (MDP) and the execution level learning-focused adaptive
controllers. This feedback enables the HAP framework to plan
by anticipating the failures and reassessing vehicle capabilities
after the failures. This proactive behavior allows for efficient
replanning to account for changing capabilities. Simulations for
a 4 UAV target tracking scenario is presented to demonstrate
the effectiveness of the proactive replanning capability of the
presented HAP framework.

I. INTRODUCTION

Many of the UAV missions envisaged for the future,
including disaster area monitoring, search and rescue, earth
observation and mapping, reconnaissance, persistent search
and track, and resupply will require multiple UAVs, with
possibly diverse capabilities, to collaborate over long time-
periods with significant uncertainty about the environment
[1] . The development of autonomous planning and mission
execution algorithms for collaborating UAVs is an active
area of research [2, 3]. The control algorithms for such
missions typically have two levels, the higher-level (possibly
distributed) task allocation or decision making algorithm that
assigns vehicles to tasks based on their capabilities, and
the vehicle-level execution algorithms that include motion-
control algorithms. In order to guarantee efficient execution
and to maximize mission score, both these algorithms have
to work in close harmony.

In particular, the mission-planning algorithm needs to
be aware of each UAV’s capabilities, which are related to
vehicle health, and can be captured through a capability
model that relates health to capabilities. Therefore, if the
health of an agent changes over time as a result of failures,
environmental effects such as winds, addition/removal of
new agents, or the introduction of new modes of operations,
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the available set of agent capabilities also changes. Marier
et al. considered the problem of health-aware coverage
control with small UAVs in which they accounted for
changes in the sensing and communication hardware health
and complete loss-of-vehicle scenarios [4]. However, while
hardware health and vehicle activity can be detected to a
large extent by monitoring diagnostic tools provided with
sensing and communication electronics, no such straight
forward tools are available for assessing changes in motion-
related capabilities of a UAV. This work extends the prior
work by Marieri et al. by considering more general health
and capability models applicable to a wider variety of UAV
missions developed in Section II.

This change in health and motion-related capabilities of
agents is not accounted for by most algorithms for col-
laborative autonomous planning and mission execution (see
e.g. [3, 5, 6]). These algorithms solve the task allocation and
decision making problem independently of the vehicle level
controllers using, for example, the framework of Markov
decision processes, and rely on vehicle level controllers to
execute the mission [7–9]. The underlying assumption in
these approaches is that the vehicle health and capabilities do
not change during the duration of the mission is restrictive,
and cannot be justified in real-world scenarios that involve
persistent missions, or operation in adversarial/contested
environments [1, 10].

One possible solution to account for changing agent health
is to attempt to solve a large MDP that consists of the
vehicle motion, capabilities, and the mission goals. How-
ever, this approach is computationally intractable [11, 12],
even when the transition dynamics are perfectly known and
approximate MDP solution techniques are applied [13–15].
Researchers have thus turned to adding adaptation to the
vehicle level controllers to mitigate the effect of execution-
level uncertainties. In particular adaptive controllers, in the
framework of Model Reference Adaptive Control, have been
developed and flight-tested to accommodate environmental
disturbances, modeling uncertainties, and vehicle damage [7,
16–18]. The main idea is that the adaptive controller can
attempt to maintain a consistent set of performance and
capabilities by overcoming, at least to a limited extent,
changes in the vehicle health. However, while the adaptive
controller can delay the need to replan at the mission level, it
cannot completely eliminate it. To enable rapid replanning,
a feedback needs to be established between the vehicle level
adaptive controller and the higher level planner to provide
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Fig. 1: The Health Aware Planning architecture presented
in this paper with explicit feedback between the high-
level planning algorithms and low-level concurrent-learning
adaptive controllers. The mission planning algorithm uses
own-models of agent capabilities learned through individ-
ual agents’ concurrent learning adaptive controllers and
proposed efficient MDP solution techniques to proactively
adjust to changing agent health and capabilities.

the planner with estimates of changes in vehicle capabilities.
The main idea of the Health Aware Planning (HAP) ap-
proach presented in this paper is to provide this feedback by
estimating vehicle capabilities using the adaptive controller’s
model of the vehicle health.

Note that a similar approach was explored by Redding et
al. [19] who proposed to use the internal parameters of the
adaptive controller to form an estimate of the vehicle health
model to enable HAP. However, the MRAC framework
employed in that work (based on [20]) was designed to favor
suppressing instantaneous tracking error, and hence had
weak guarantees of convergence of parameters. In fact most
popular MRAC methods focus on instantaneously suppress-
ing the tracking error and not on learning the uncertainty
[21–26]. Therefore the use of such adaptive control methods
leads to very limited useful information that could be used
for replanning.

In contrast, the Concurrent Learning (CL) adaptive frame-
work developed by Chowdhary and Johnson [27, 28] is an
example of a learning-focused, extensively flight-tested [28–
30] direct adaptive control framework that provides strong
guarantees on simultaneous learning of uncertain parame-
ters and closed-loop system stability. The extensions to the
CL framework outlined in this paper enable us to integrate
the adaptive control and the mission planner to a much
tighter degree than possible in Ref. [19]. This improve-
ment occurs because: 1) our extensions to CL guarantee
convergence of parameters under much milder conditions
such as only requiring to know sign of the B matrix, and
therefore ensure that sufficiently good capability estimates
can be provided to the planner in finite time, increasing the
reliability of the architecture; and 2) all uncertain parameters
of both A and B matrix are estimated allowing for more
general vehicle dynamical health models to be built allowing
better estimate of vehicle capabilities.

This paper presents a multi-agent planning-learning HAP
architecture for multi-UAV complex missions in uncertain
environments (see Figure 1). Our approach can handle far

more general models of health and capability changes than
Redding et al. [19]. This is enabled by the learning-focused
concurrent learning adaptive control algorithm that explicitly
enables changes in the vehicle capabilities to be fed-back
to an MDP based planning algorithm by mapping learned
own-models to capabilities. Furthermore, we leverage effi-
cient exploration and adaptive value-function approximation
algorithms to efficiently solve the associated MDP online.
The main contributions of this paper are:
• A comprehensive Health Aware Planning (HAP) frame-

work is introduced that enables a feedback between
mission planning and vehicle-level adaptive control
algorithms through online adaptive-controller learned
models of agent health and capabilities. This feedback
enables health-aware replanning.

• The main difficulty in solving higher level planning
MDP online is ensuring efficiency in the exploration
of the state-action space for finding a good solution.
An efficient exploration method that drives the explo-
ration into unexplored parts of the state-action space
using the notion of “knownness” of state-action pairs
[31–33] was implemented. The Incremental Feature
Dependency Discovery (iFDD) adaptive function ap-
proximator [34] is used to efficiently approximate the
knownness function.

• The concurrent learning adaptive control architecture
[28] is extended to accommodate uncertainty in the
control assignment matrix (B matrix).

II. PROBLEM DEFINITION

A. Vehicle Health, Capability and Task models

1) Health Models: Health here refers to a measure of
wellness/functionality of a vehicle, which depends on the
wellness/functionality of vehicle components/subsystems,
such as airframe, actuators, and electronics. The health
of the vehicle can be inferred by directly monitoring the
health of individual components. Furthermore, since degra-
dation/changes in some of these components may affect the
dynamics of the vehicle, health of the vehicle may also
be inferred from the vehicle’s dynamic response. Let nveh
denote a fixed number of collaborating vehicles, and let
nhealth denote main components of interest of each vehicle.
Similar to aircraft handling qualities rating scales [35], a
discrete scale is used to represent the health of each vehicle.
In particular, the scalar hij ∈ 0, 1, . . . , 10 represents the
health of the jth subsystem of ith vehicle, where i =
1, 2, . . . , nveh, j = 1, 2, . . . , nhealth, and hij = 0 if a compo-
nent is completely non-functional (hij = 10 if a component is
fully functional). Note that this choice of scale is arbitrary.
Let hi = [hi1, h

i
2, . . . , h

i
nhealth

] represent the health vector
of the ith vehicle. Both due to internal effects such as fuel
consumption and external effects such as disturbances from
the environment, the health of a vehicle changes during
the mission. Let k represent the discrete time index, then
the transition between hij(k) and hij(k + 1) is modeled
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probabilistically as, P
(
hij(k + 1) = v

∣∣hij(k) = u
)

= p
hi
j
u,v

where p
hi
j
u,v ∈ [0, 1], u, v = 0, 1, . . . , 10 are the transition

probabilities. In this work it is assumed that these transition
probabilities are available to the designer, if that is not the
case, algorithms similar to [36] can be used to estimate these
transition probabilities online.

The UAV health is characterized here into four different
categories:
• Structural/Actuator health: Represents damage & func-

tionality status of structural & actuator components
of a UAV. Failures/faults such as wing damage, rud-
der damage, blade damage and mainframe damage in
included in this category. These health components
impact motion related abilities, such as target pursuit.

• Sensor health: Represents the functionality of the
sensor-hardware such as imaging sensors, video
recorders, sound detectors and infrared sensors.

• Communication: Represents the functionality of the
communication hardware of the UAV, such as its
wireless modem. Health of this component affects the
distance and reliability of UAV communication.

• Fuel: Represents fuel or power consumption quantity
of the UAV per transition which impacts all abilities.

2) Capability Ratings: A capability of an agent is defined
as a measure on how well an agent can perform a task, such
as target pursuit, or steadily capturing images. A reasonable
planning algorithm would assign vehicles to appropriate
tasks that best match the vehicle capabilities. Let ncap
represent the number of capabilities for each vehicle. Each
capability is rated by a capability rating cij ∈ 0, 1, 2, . . . , 10,
i = 1, 2, . . . , nveh, j = 1, 2, . . . , ncap. Here, cij = 0 means
that vehicle is incapable of performing a task requiring that
capability and cij = 10 means that vehicle is completely
capable of executing that task. The capability rating depends
on the health hi of each vehicle. In a generic form, this
relationship can be written implicitly as cij = ζi(hi), where
hi is the health vector and ζi is the function that maps the
health vector to capability rating (see subsection IV-B). Note
that since health is a dynamic quantity, so are the capability
ratings.

3) Task Models: A task is defined as sub-goal of the
overall mission that can be completed by a single or multiple
agents. Tasks have associated uncertainties, such as uncertain
target dynamics in a tracking task or uncertain weather con-
ditions in a precision drop-off task. Therefore, the success
of completion of a task is a random variable that depends
on the agent’s capability. Let ntask be the total number
of tasks defined for the mission. Here, the probability that
agent i successfully completes a task l is modeled as an
Bernoulli random variable χil , where χil takes the value 1
with probability pil and takes the value 0 with probability
1 − pil , and pil ∈ [0, 1] is the probability of completing the
task successfully. Probability of task completion pi depends
on capability ci and a linear model is chosen to represent
this dependency, pil = Sl

∑ncap

j=1 s
l
jc
i
j , where slj are scalar

weights that represent relative importance of each capability
for the task, and Sl is a normalization constant, which
ensures that pil ∈ [0, 1].

It is assumed that a task is considered to be complete
when any one of the agent succeeds in completing it. Hence,
although task probabilities are defined per agent, if more
than one agent is assigned to the same task, the total
probability of task completion increases.

Table I illustrates the relative impact factor of different
capabilities upon task completion probabilities, for some
common UAV tasks. This table highlights how some tasks
require combinations of capabilities, for example, target
tracking require both trajectory tracking capability and im-
age sensing capability.

B. Health Aware Planning Problem

The generic HAP problem considered here requires rout-
ing UAVs through different parts of the environment to
accomplish different tasks such that number of cumulative
completed tasks is maximized. Furthermore, it is assumed
that UAV health can degrade over time, and the health-aware
planner needs to determine when to optimally return UAVs
to base for repair. The environment can be visualized by
imagining a graph whose vertices are task zones and edges
depict zones between which the UAV can transition (see
Fig. 2). Each zone has a mixture of tasks to be completed.
UAVs start in the base zone with full health and capability,
furthermore, whenever a UAV returns to this zone, its health
is assumed to be fully restored. UAV health degrades due
to effects such as fuel consumption, wear, external effects
such as winds and gusts, and damage. Hence the objective
of the planner is to find a balance between routing UAVs to
zones based on their health/capabilities and recalling them
back to base for health restoration so that the mission can
potentially be indefinitely extended.

C. Mission Level MDP Formulation

Base

1 4

2 3
UAVs

Zone 1

Zone 2

one 3

Zone 4

Fig. 2: Health Aware Planning Problem on a graph based
structure. UAVs needs to be allocated between zones, where
each zone has a list of dynamic tasks. UAVs are repaired
and refueled when they return to Base.
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TABLE I: Relative impact factors of capabilities on task completion rates. 0: no impact, 1: medium impact, 2: high impact.
These relative impact factors can be used as a guideline to setup the capability ratings cij used in Eq. II-A.3.

Task /Capability Fly Straight
to Waypoint

Trajectory
Tracking

Relay
Information

Perform
Precision
Landing

Perform
Agile

Maneuvers

Collect Im-
ages/Videos

Loiter 2 1 0 0 0 0
Track Ground Target 2 1 0 0 0 1
Track Aerial Target 1 2 0 0 2 1
Payload Drop-off 2 0 0 2 0 0
Communication Relay 2 0 2 0 0 0
Search/Reconnaissance 1 0 0 0 0 2

1) State Space: Let nzone be the number of zones in the
mission including the base (Zone0). The local state space
of each UAV consists of its location (zone) zi, fuel f i and
health vector hi. Let U i be the local state space of ith UAV,
Thus the state vector can be written as, ui = [zi, f i, hi]T ,
where zi ∈ {Base,Zone1,Zone2, . . . ,Zonenzone−1}, f i ∈
{0, 1, 2, . . . , f imax} and hi = hi = [hi1, h

i
2, . . . , h

i
nhealth

].
The overall state space for the mission is the space generated
by the Cartesian product of local spaces of each UAV,S =∏nveh

i=1 U i

2) Action Space: The actions for each UAV are denoted
ai ∈ 0, 1, . . . , nzone − 1, where ai = k means move UAV
i to Zonek. Given that UAV i is in zone Zonej , available
actions are given as,Aizj = {m ∈ 0, 1, . . . , nzone − 1|gi,m =
1}, where gi,m = 1 if zone i and m are connected.

Note that we define gj,j = 1, so a UAV can always be
commanded to stay in its current zone. The overall action
space is the Cartesian product of all the action spaces of
individual UAVs

A =

nveh∏
i=1

nzone∏
j=1

Aij (1)

.
3) Transition Model: The location of the UAVs evolves

deterministically as

zi(k + 1) =

{
zai , ai ∈ Ai

zi(k)
, if f i(k) 6= 0

zi(k)if f i(k) = 0
(2)

. Thus a UAV always travels to the zone it is commanded
to as long as it has non-zero fuel. Otherwise, UAV is out of
fuel and stays in its current location indefinitely (crashed).
The fuel dynamics evolve according to,

fi(k+1) =


f i(k)− f inom,WP pfnom(zi(k), zi(k + 1)))

f i(k)− f innom,WP 1− pfnom(zi(k), zi(k + 1)))

fi(k + 1) = 0f i(k) = 0

fi(k + 1) = fmax(i)zi(k) = 0
(3)

where WP refers to with probability. Here
f inom(Zonep, Zoneq) is the nominal fuel consumption rate
of the UAV and f innom(Zonep, Zoneq) is the non-nominal
fuel consumption rate while transitioning from Zonep to

Zoneq or ith UAV. The last line in Eq. 3 indicates that
UAV is re-fueled at base.

4) Reward Model: Reward at each step is simply the
weighted sum of successfully completed tasks at that step.
Let dl ≥ 0, i = 1, . . . , ntask denote the positive reward
obtained for completing the lth task and el ≥ 0, i =
1, . . . , ntask be the penalty for not completing the task
successfully. The total reward at time k is

rk =

ntask∑
l=1

nveh∑
i=1

dlχ
i
l + el(1− χil). (4)

III. PLANNING WITH ON TRAJECTORY APPROXIMATE
DYNAMIC PROGRAMMING

A. On Trajectory Asynchronous DP using Knowledge Func-
tions

Approximate Dynamic Programming Methods [14], ap-
ply linear function approximation by using basis functions
φi : S × A → R, i = 1, ..., n, such that Q(s, a) ≈
Q̃(s, a)θTφ(s, a) where θ ∈ Rn is the weight vector and
φ = [φ1(s, a), φ2, ..., φn(s, a)]. Approximate Value Iteration
(AVI)[13] methods updates the weight θ as, θ ← θ +
δ(s, a)φ(s, a), where δ(s, a) = Q+(s, a) − Q(s, a) and
Q+(s, a) ←

∑
s′∈S Pass′ [Rass′ + γmaxa′ Q(s′, a′)]. Note

that AVI only requires storage of n parameters. The value
δ(s, a) is a measure of how far is the estimated value
from the optimal value function and usually referred to as
Bellman Error. Since sweeping through all possible values
of (s, a) becomes intractable in large problems, an practical
alternative is to perform Bellman updates to trajectories with
fixed policy Lπ sampled from the model, which results in
the Trajectory Based Value Iteration Algorithm (TBVI).It
can be showed that, if all state-action pairs are visited in-
finitely often, TBVI converges to the optimal value function
asymptotically [37].

As discussed in Section I, incorporation of the idea of
knownness [31] to the planning framework, has proven to
be an efficient exploration scheduling technique. Knownness
of a state-action pair k(s, a) ∈ [0, 1] is defined as k(s, a) =
max (1.0, # (s,a) is visited /mknown) where mknown ∈ Z
is the number of times (s, a) should be visited before
the agent can reliably predict the transition and reward
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model related to (s, a). Although mknown is a designer
selected parameter, bounds on the order of this parameter
is well-understood [38], and these bounds can be used to
guide parameter tuning process. The exploration-exploitation
dilemma is handled internally by augmenting the value
function with the knownness function, Q̂(s, a) = (1 −
k(s, a)) rmax

1−γ + Q(s, a), where rmax is the maximum one
step reward that can be obtained in the MDP. Note that this
augmentation results in giving higher values to state-action
pairs with low knownness, hence encouraging exploration.

B. Approximate Dynamic Programming and Exploration
using Incremental Feature Dependency Discovery

The previous subsection pointed out that both the value
Q(s, a) and knownness k(s, a) functions must be approxi-
mated to enable tractable planning in large-scale problems.
However determining a good set of features φ is a complex
problem in itself, and is a topic of considerable interest to
the DP and RL communities [14]. One way to address the
problem of finding good set of features is to use adaptive
function approximation techniques that constructs the set of
features φ online based on the performance of the planner.
Recently developed Incremental Feature Dependency Dis-
covery (iFDD) algorithm [34] has proven to be an efficient
algorithm for online approximation of value functions. The
basic idea in iFDD is to expand a set of binary features based
on the correlation of active features with some error metric,
such that feature conjunctions with the highest error is added
to set of features at each step. Here iFDD representation
is applied to approximate both Q(s, a) and k(s, a), using
the Bellman Error δ(s, a) as the error metric that drives the
expansion. Idea behind applying Bellman Error to expand
the knownness function relies on the intuition that (s, a)
pairs with high Bellman Errors should be explored more
frequently. This idea is reminiscent of prioritized sweeping
[39], however the idea of approximating the knownness
function by an adaptive representation is completely novel.
The deatiled description of the planning algorithm TBVI-
iFDD with Approximate Knownness can be found in [40].

IV. ONLINE HEALTH MONITORING AND CAPABILITY
ESTIMATION USING CONCURRENT LEARNING ADAPTIVE

CONTROL

Avionics related capabilities of can be assessed using the
diagnostic offered by those subsystems. However, estimat-
ing the motion-related capabilities of the UAV is difficult,
because they must be inferred through the UAV’s dynamic
response. To counter this problem, online generated dynamic
health models are used to characterize vehicle capabili-
ties after failures. This section provides the development
of agent-level concurrent learning adaptive controllers that
simultaneously estimate UAV dynamic health models for use
in capability mapping modules (see Fig. 1) while ensuring
the UAV stays stable after faults.

A. Simultaneous Model Estimation and Stabilization using
Concurrent Learning Adaptive Control

Dynamics of each UAV can be cast in the form of
a switching linear dynamical system as follows,ẋi(t) =
Aσi(t)x

i(t) + Bσi(t)u
i(t), i = 1, .., nveh, where σi ∈

[1, ..., q] describes the mode of the system, and Aiσ ∈ Rn×n,
Biσ ∈ Rn×n. It is assumed that modes of the system
evolve at discrete time, that is σi(t) is always constant
on a fixed time interval ∆tswitch. Switched linear system
formulation enables modelling the impact of actuator failures
in system dynamics, thus the switching time for the system
refers to failure times in the mission. We assume that initial
model of the system (Aσ(0), Bσ(0)) is known, however
the model after failure at time tfail, (Aσ(tfail), Bσ(tfail))
is unknown. Objective of the control law is to stabilize
the system after failure and simultaneously estimate the
new model (Aσ(tfail), Bσ(tfail)). This is achieved using
concurrent learning adaptive control [27, 28]

1) Concurrent Learning Model Estimation: Let ẋ =
Ax + Bu represent a linear dynamical system with un-
known (A,B) matrices, note that we have dropped the
switching signal subscripts to facilitate exposition. Assume
that the state of the system x(t) and the input signal u(t)
is available or can be constructed from the measurements.
Let (Â, B̂) represent the estimate of (A,B) and let ˙̂x =
Âx + B̂u. Define error dynamics as, ε(t) = ([Â, B̂] −
[A,B])[x(t), u(t)]T = ˙̂x − ẋ. Objective of the model
estimation algorithm is to drive ε(t) → 0 asymptotically.
Let xi, ui, i = 1, .., p be the data points recorded online at
times ti. Concurrent learning model estimation updates are
given as follows,

˙̂
A(t) = −ΓA[x(t)ε(t)−

p∑
j=1

xjεj ] (5)

˙̂
B(t) = −ΓB [u(t)ε(t)−

p∑
j=1

ujεj ], (6)

where ΓA,ΓB > 0. The following theorem can be proven
using arguments in [27, 41]

Theorem 1: Assume that the control signal u(t) is ex-
citing over a finite interval and that the data points for
concurrent learning are selected online using the singular
value maximizing Algorithm (Algorithm 1 from [41]), then,
Â→ A and B̂ → B exponentially fast.

Remark 1: Note that model estimation law 5 requires the
knowledge of ẋ. Mühlegg et. al showed that if a noisy esti-
mate of ẋ is available the adaptation law is guaranteed to be
uniformly bounded under some mild additional assumptions
[42]. Also note that, the ε(t) feedback term on the model
update law can be dropped, and estimates of εj can be
improved using a fixed point smoother [28].

2) Concurrent Learning Adaptive Control with unknown
A and B Matrix: Let ẋrm = Armxrm+Brmr represent the
dynamics of the reference model, where r(t) is the reference
signal. Assume Arm is Hurwitz and P is the solution to
Lyapunov equation ATrmP + PArm + Q = 0, where Q ∈
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Rn×n is a positive definite matrix. Let the control law be of
the form

u(t) = KT (t)x(t) +KT
r (t)r(t) (7)

, where K ∈ Rn×m and Kr ∈ R1×m. Assume that matching
conditions hold, i.e. there exits as K∗ and K∗r such that,A+
BK∗T = Arm,BK∗r

T = Brm. After substituting the
control law to the system equation and performing algebraic
manipulations, the following form of the error dynamics
e(t) = x− xrm is obtained, ė = Arme+BK̃Tx+BKT

r t.
Objective of the controller is to update K,Kr such that
that error dynamics e(t) = x − xrm and weight error
dynamics K̃ = K −K∗, K̃r = K −K∗r are asymptotically
stable. When the control assignment matrix B is available
to the designer, it has been shown in [28], that concurrent
learning satisfies this objective with exponential decay rate
without needing persistency of excitation. In this section we
will extend this work to deal with case where B matrix
is unknown. Let B̂ be a fixed estimate of the B matrix
which is available to the controller. Let xi, ri be the ith

data point recorded online, define the error variables ε̂Kj
and

ε̂Kr
as, ε̂Kj

= B̂−1(ẋj−Armxj−Brmrj− B̂εKrj
),ε̂Krj

=

KT
r rj− B̂−1Brmrj . The concurrent learning weight update

laws are given as,

K̇ = −Γx[xeTPB̂ +

p∑
j=1

xj ε̂
T
Kj

] (8)

K̇r = −Γr[reTPB̂ +

p∑
j=1

rj ε̂
T
Krj

] (9)

The following theorem states that as long as the estimate B̂
is close enough to B the system [e, K̃, K̃r] is bounded.

Theorem 2: Consider the control law in 7 and weight
update laws in 8-9. Assume that the control signal u(t)
is exciting over a finite interval and that the data points
for concurrent learning are selected using the singular value
maximizing Algorithm (Algorithm 1 from [41]). In addition
assume that ||B − B̂|| is bounded and sign(B) = sign(B̂)
and pairs (A,B) and (A, B̂) are controllable. Then the
system [e, K̃, K̃r] is bounded.

Proof: Can be found in [40].
Corollary 1: In addition to the assumptions of Theorem

1, if B̃ = 0, i.e. the control allocation matrix B is known
to the controller, then the system [e, K̃, K̃r] is exponentially
stable, that is the tracking error and weight error dynamics
converge to zero exponentially fast.

Proof: This case is proved in [28], Theorem 1.
3) Safe Model Estimation Using Switched Control: The

model estimation method described in section IV-A.1 and
the control law described in section IV-A.2 can be combined
to build a switched control-model estimation algorithm that
concurrently learns the model and stabilizes the UAV after
failures. We assume that there is a separate health monitoring
system that signals to controller that a failure is occurred.
Basic idea of the switched control algorithm is to use the
control law developed in section IV-A.2 to keep the system

bounded without the knowledge of the system after failure,
while the parameter estimation law developed in section IV-
A.1 estimates the new system model in the background.
Once the new system model is estimated, controller switches
to newly learned model to stabilize the system. This process
is described in detail on [40]. Note that, boundedness of the
system during the model estimation process is guaranteed by
Theorem 2 and since the model estimation law is proven to
be exponentially fast by Theorem 1, as long as time between
two failures is big enough, safe model estimation algorithm
is guaranteed to converge to the new model after the failure
in finite time. After the algorithm terminates, Corollary 1
implies that the control law 7 will stabilize the system.

B. Capability Mapping

It is necessary to transfer the knowledge contained in the
estimated dynamic model of an agent after a failure to the
planning layer as a change in agent capabilities. Hence it is
necessary to develop mappings that takes the model (Â, B̂)
and transfers them to capability ratings (see e.g. Table I).
Here we give examples of several metrics related to motion
capabilities of the system,
• Translational Reachability (X∆t): Represents how far

UAV can travel with a bounded input, in a fixed time
interval ∆t.

• Attitude Reachability (M∆t): Represents the attitude
envelope of the UAV, that is set of orientations that
can be reached from the origin within fixed time ∆T ,
and bounded inputs.

• Attitude Precision (MrΘ ): Represent the norm of the
tracking error associated with tracking a reference
attitude trajectory Θ(t).

• Disturbance Rejection (Wr): Represent the norm of
the tracking error associated with tracking a reference
trajectory r(t) under the effects of disturbances induced
by the environment.

Computation of these reachability sets can be pursued as
a optimization problem [43], however such approaches are
only shown to be tractable for low dimensional dynamical
systems. We generate trajectories using the models of the
system provided by the adaptive controller to approximate
these reachability sets instead of performing optimization
over the reachability sets of the system. Once these sets are
determined, they can be translated into capability metrics in
Table I.

V. SIMULATION RESULTS

To verify the properties of the presented framework, a
multi-agent target tracking scenario with a teams of targets
and agents with heterogeneous capabilities is investigated.
Mission consists of a team of nuav = 4 UAVs with different
target tracking capabilities, and nzone = 10 zones including
the base. As an example of heterogeneous task requirements,
each zone consists of a target tracking task with different
agility level, which corresponds to Track Ground Target
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and Track Aerial Target tasks in Table I. Note that it is
straightforward to add other types of tasks requiring different
types of capabilities.

Presented framework is compared with two alternative
approaches. First planner, labeled as “Non-proactive, No
capability re-assessment” (NPR-NC), does not include the
health dynamics at the MDP model other than fuel dynamics,
and does not replan after UAV failures. Second approach, la-
beled as “Non-proactive, Capability re-assessment enabled”
(NPR-C), also does not include any health dynamics/failure
models but updates the motion capabilities of the UAVs
based on the new models provided by the adaptive control
algorithm. This situation corresponds to having an adaptive
controller onboard, but not establishing feedback between
the planner and the controller. The third approach is the
presented HAP framework, where the health dynamics are
included in the MDP model and capability re-assessment
is enabled. Cumulative reward obtained by these 3 different
approaches averaged over 30 runs is compared in Fig. 3. The
results show that the NPR-NC and NPR-C approaches have
collected better cumulative reward on average compared to
the HAP framework for the first 500 steps. However, as
the mission progresses, and UAVs start to experience more
failures, the performance of the planner with no capability
re-assessment starts to degrade due to the mismatch between
model and actual capabilities of UAVs. This indicates that
the HAP framework generated the policy that performs
more successful tasks compared to other two planners over
the long run, even though its initial performance may be
relatively conservative.

TABLE II: Mission metrics for different planning schemes.

Planner # Failures # Base
Visits

Agents per
Target

#
Completed

Tasks

NPR-NC 80.8 678.2 1.1 43.2
NPR-C 71.3 665.1 1.2 67.4
HAP 14.3 923.4 1.9 96.2

To gain insight in the difference between the policies
generated by the different planners, three different metrics
were evaluated, see Table II. The failure metric counts the
average number of structural/actuator and sensor failures
that occurred during the mission. Note that the failures
are not explicitly penalized in the reward function (see
subsection II-C.4), however since UAV capabilities/health
are strongly coupled with probability of task completion (see
subsection II-A.3), this metric serves as a good indicator
of mission performance. The second metric we examine
is the average number of returns to base, which indicates
how frequently vehicles are called back to base for failure
repairs and re-fuel. The agents per target metric captures the
average number of agents a planner assigns to target. Finally,
number of completed tasks tasks metric, counts the number

of successfully completed target tracking tasks, which is the
major contributor to the reward function.

From Table II it is clear that HAP approach resulted
in much lesser number of failures compared to NPR-NC
and NPR-C approaches, which is also supported by higher
number of visits to the base. This is due to inclusion of
probabilistic health and capability models in the HAP archi-
tecture, which allows planner to anticipate the failures and
take the necessary actions beforehand. Furthermore, since
the MDP utilized by the HAP framework includes failure
models, the policy tends to assign nearly two agents to a
single target in order to increase the chance of completing
the task successfully in presence of failures. The importance
incorporating a tight coupling feedback between control and
planning layers (see Introduction) is also seen on comparison
of NPR-NC and NPR-C approaches, where NPR-C incorpo-
rates this feedback by by capability reassessment and pro-
vides higher number of completed tasks compared to NPR-
NC, as seen on the last column of Table II. The combination
of the aforementioned proactive behaviours demonstrated
by the HAP policy and the capability reassessment are the
underlying reasons why HAP approach yields higher number
of completed tasks and accumulates more reward than the
alternative approaches, NPR-NC and NPR-C in Fig. 3.
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Fig. 3: Average cumulative reward obtained by different
planning schemes.

VI. CONCLUSIONS

This paper proposed a Health Aware Planning Framework
for persistent complex multi-UAV missions where likely
health-degradation and failures of individual UAVs are ac-
counted for. Our framework establishes a close feedback
between the high-level planning based on Markov Deci-
sion Processes (MDP) and the execution level learning-
capable adaptive controllers. This feedback enables the
HAP framework to anticipate failures at the planning level,
and both proactively and reactively replan to account for
changing capabilities. The feedback was enabled by using
UAV health-parameter estimates from a concurrent learning
adaptive controller to form dynamic UAV capability models
which can be used for re-planning to account for failures and
degradation. The presented HAP framework was tested on
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a large-scale (≈ 1010 state-action pairs) target tracking sce-
nario using a novel on-trajectory exploration algorithm, and
demonstrated to sustain mission performance by reducing
the number of failures and re-assessing UAV capabilities.
The presented HAP framework was shown to outperform
planning frameworks that lack health awareness and/or
capability re-assessment feedback. These results clearly
demonstrate that establishing a feedback between higher-
level planning and execution-level controllers is crucial to
guarantee safety and functionality of persistent complex
multi-agent missions.
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