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We propose a framework for adaptive guidance based on optimal control and estimation using
closed-loop performance models. In the proposed approach, parameters of a reduced-order
performance model are estimated in real time so that trajectories and guidance commands are
replanned with more accurate knowledge of the system’s response and performance capabilities.
To apply this methodology to flight control systems, we introduce a simple yet expressive
performance model modified from a reference linear design model. The proposed framework is
applied to guidance of a simulated Advanced Air Mobility class concept aircraft experiencing
control effector failures. We demonstrate that, by optimizing performance model parameters in
real time, guidance commands can be intelligently adjusted to recover system stability and the
performance of a full-order vehicle model, even in the event of effector failures. Furthermore,
the reduced-order performance model requires a fraction of the computational cost of the
full-order model, facilitating real-time use of adaptive, optimal guidance.

L. Introduction

DVANCED Air Mobility (AAM) promises to revolutionize the air transportation system through the introduction
Aof diverse electric Vertical Take-Off and Landing (VTOL) aircraft operating with high levels of automation and
autonomy. Prototypical AAM class aircraft [1], like the NASA Lift-plus-Cruise (L+C) concept considered in this paper,
are a blend between rotorcraft and conventional fixed-wing aircraft. These new vehicles are expected to exhibit three
phases of flight: rotor-borne VTOL, wing-borne cruise, and a transition between the two. AAM class aircraft must
contend with numerous, interacting control effectors, highly nonlinear dynamics, operations in crowded, dynamic, and
uncertain environments, and the high potential for new propulsor technologies to experience failures, presenting a host
of novel guidance and control challenges [2].

One line of research has explored the use of optimal control, specifically differential dynamic programming (DDP)
[3, 4], as a means of trajectory planning with collision avoidance, control synthesis, and fault mitigation for AAM
aircraft. In prior work [3, 6], DDP was applied (in simulation) to plan trajectories and control inputs at the individual
effector level, using the full six-degree-of-freedom (6DoF) aircraft dynamics. This exploratory work is helpful in
identifying how such novel AAM class aircraft can be flown effectively, as prescriptions based on engineering experience
from conventional aircraft may not be helpful or even available.

While this previous work uses DDP to directly command effectors to control vehicle rates and velocities, we expect
that many aerospace applications will use a preferred controller for this task. This is due in part to DDP’s considerable
computational demands when applied to high-dimensional nonlinear systems, potential concerns about the real-time
convergence of an iterative algorithm like DDP, and uncertainty around the potential performance gained by using
the full 6DoF dynamics compared to a reduced-order surrogate. We expect that it is more likely for guidance and
control systems on AAM class vehicles to operate at separate levels of abstraction, much like the current paradigm in
aerospace systems [7, 8]. That is, an outer-loop trajectory planner is wrapped around an inner-loop controller which
handles low-level stability and command tracking. Due to time and complexity scale separation between the inner
and outer loops, a guidance algorithm can generally use a simplified performance model (i.e., guidance model) which
approximates the aircraft’s closed-loop response to guidance commands. This is the approach we take in this work.

It is possible, however, that the inner-loop control system cannot achieve the expected response performance in
the presence of significant disturbances, unmodeled dynamics, or effector failures which it cannot compensate for. In
such situations, a simplified performance model could be too optimistic, and consequently, guidance commands could
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demand too much from a degraded control system, potentially jeopardizing performance and even stability. Real-time
accurate knowledge of the aircraft and control system’s dynamics can allow the guidance system to adjust commands to
accomplish the mission (or abort if necessary) while remaining within the aircraft’s achievable performance bounds.

To begin to address this challenge, we propose an adaptive guidance approach based on optimal control and
estimation. In the proposed approach, a computational optimal control algorithm—such as DDP—is used to optimize
parameters of the vehicle performance model to match previously observed behavior. Best-fit parameters are carried
forward when replanning the future trajectory and guidance commands, again using an optimal control algorithm like
DDP. In the context of flight control systems, we introduce a performance model of the inner loop’s command-tracking
response, with a structure based on the ideal linear reference dynamics which a typical robust and adaptive control
system is designed to emulate.

The proposed framework is illustrated on two examples. First, we consider a synthetic problem from the £ adaptive
control (£;-AC) literature [9]. This proof of concept serves to verify that our approach can match the performance
of existing methods, while providing informative parameter estimates. This example is not intended to demonstrate
superiority of the proposed method, as adaptive control fills a different role than optimal control-based guidance.

In the second example, we apply the proposed methodology to adaptive guidance of the NASA L+C AAM concept
vehicle [1] with a robust servomechanism linear quadratic regulator (RSLQR) [8] inner-loop control law. We find that,
when flying in nominal conditions, a reduced-order vehicle and controller performance model completely recovers
the performance achieved when using the full 6DoF model at a fraction of the computational cost. When failures are
introduced into the control effectors, the reduced-order model can still recover stability and performance if we perform
real-time model parameter estimation. Conversely, ignoring the inner-loop controller dynamics can cause a complete
loss of control when effector failures are introduced.

The remainder of this paper is organized as follows. In Section LA we present the optimal control and estimation
problems which form the basis of the adaptive guidance approach, and in Section LB we provide an overview of DDP,
the algorithm which we use to solve these problems. In Section II we present the performance model guidance and
estimation formulation, and apply it to the £;-AC benchmark example. Next in Section III we describe a formulation
for performance models of robust and adaptive control systems, and in Section IV we apply this to adaptive guidance for
the L+C vehicle. Concluding thoughts and future research directions are discussed in Section V.

A. Optimal Control and Estimation
In this paper, we consider aircraft guidance problems formulated as deterministic finite-horizon optimal control
problems (OCPs) of the form
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Here x € R™~ is the state, u € U C R™ is the control input, @ € R"¢ are system parameters, f : R"* x U X R"¢ — R'*x
are the vehicle dynamics, Liypc : [0, 00) X R"™ x U X R"® — R is the running cost, ¢ype : R"™ — R is the terminal cost,
to € R is the initial time, Tinpe > O is the control horizon, and Xy € R"~ is a given initial condition.

During flight, disturbances and model mismatch between f(-) and the true vehicle dynamics will inevitably lead to
deviations from a previously planned trajectory. This means that we will need to repeatedly solve Eq. (1) online in a
moving horizon fashion, incorporating new estimates of parameters and initial states as they become available. Note
that in practice, we only partially solve Eq. (1) by performing just one or a few iterations of DDP per discrete timestep.
This process is often called model predictive control (MPC).

Notice that the MPC problem (Eq. (1)) depends on finding suitable parameter and state estimates. This naturally
leads to a moving horizon estimation (MHE) problem which is dual to Eq. (1). Let #y > 0 be the current time, Tippe > 0
be the estimation time horizon, 8 : [7o — Tihe, o] — R"¢ the estimated parameter history, X_7 = X (9 — Tinpe) be the
estimate of the past initial state, and u : [fg — Tynhe, fo] — U be the known control history. We can then write a generic



estimation problem in continuous time as an OCP with free initial condition:
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It should be emphasized that Eq. (2) is a standard OCP with the parameters, 8(-), acting as controls and with a free
initial condition, X_7. Therefore, many algorithms for solving Eq. (1) can also be applied to Eq. (2).

To determine a practical cost function for estimation, suppose that we have access to (noisy) system measurements
at discrete times fx, k = =N, ...,0, withf_n = to — Tihe:

y () =h(x(tx) +wr €R™,  wp ~N(0,X,,). 3)
Here x(+) is the true (unknown) state, h : R — R is the sensor model, and wy € R~ represents zero-mean Gaussian
noise with known covariance X,, € R"™*". The joint probability of observing y (¢x),k = =N, ..., 0, is given by
0
Py k=N .00 %r)= [ N &m0, )
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where (with some abuse of notation) we have used N (-) to denote the probability density function of a multivariate
normal, and
Ik
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Like [10], we assign Gaussian priors to the system parameter and past initial state estimates. For simplicity, we
consider a finite-dimensional prior on 6 (zx), k = —N, ..., 0. Specifically, suppose that 6 (1) ~ N (Q (tx), Zg) and
X17~N (g_T, ZX), where the prior means 6 (¢;) € R"?,x_, € R’ could be taken to be the estimates computed at the
previous timestep, and the covariance matrices Ly € R"0*"¢ ¥, € R"~*"x are user-specified parameters. Then the
maximum a posteriori probability estimate is given by

0
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This is equivalent to minimizing the negative log probability. Thus, with the specified Gaussian priors on X_7 and
0 (tr), k =—N,...,0, some algebra leads to the following cost function:
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where ||x||a := VxT Ax for a vector x and matrix A of compatible size.

B. Differential Dynamic Programming

In this paper, we use DDP [3, 4] as the computational tool for solving the MPC and MHE OCPs (Egs. (1) and (2),
respectively). Of course, DDP is just one of many viable algorithms for solving open-loop OCPs; see [11-13] for
reviews of some of these methods. The guidance and estimation framework described in this paper can, in principle, be
implemented with any reliable computational method. By choosing DDP we do not assert that it is superior to any other
method; rather, we use it because it is convenient (we have access to an existing implementation) and because it has
performed well in previous research on control of AAM class aircraft [3, 6].

At a high level, DDP is an iterative algorithm, with each iteration consisting of a backward pass followed by a forward
pass. Starting from an initial guess for the optimal control signal u(-) (or 8(-) in MHE) and the corresponding state
trajectory x(+), DDP computes a linear approximation of the dynamics about x(-) and u(-). This is used to propagate a
quadratic approximation of the value function backwards in time. Then, in the forward pass, the full nonlinear dynamics
are used to propagate the state forward and update the control sequence using gains computed based on the approximate



value function. Under reasonable technical conditions, DDP is guaranteed to converge to a locally optimal control
sequence. For details we refer the reader to [3, 4, 6].

Variations of DDP have also been proposed to solve parameter-dependent OCPs [6, 10]. In addition to optimizing the
control sequence, these methods can simultaneously optimize a set of static-in-time parameters. These are distinct from
the time-varying parameters optimized in the MHE problem (Eq. (2)), though they have been used to solve problems
like Eq. (2) by modeling some parameters as static-in-time. Although static parameter estimates can change as Eq. (2) is
solved repeatedly over time, that approach can encounter difficulties when certain system parameters change rapidly
over the estimation time horizon. In this paper, we treat the MPC and MHE problems separately, without optimizing
any static parameters. However, our approach is compatible with parameterized DDP, and such interactions could be
explored in future work.

II. Guidance and Estimation with Performance Models

Since DDP is expensive to evaluate and potentially difficult to certify for use as an inner-loop flight controller, it is
more likely to take the role of an (adaptive) guidance algorithm. In this scenario, we leave the stability and tracking
control to a fast, robust, and certifiable inner-loop controller. Meanwhile, DDP computes reference trajectories based on
a simplified performance model, with model parameters which can be updated online through MHE. From the guidance
perspective, the true, controlled vehicle dynamics are treated as a black box, into which DDP passes reference commands
and recieves output measurements. Note that although we do not use a full-order model, we have some choice about
how to design the reduced-order dynamics because we have knowledge of the inner-loop controller (see Section III).

A. General Formulation

The performance model MPC and MHE problem can be formulated as follows. Let x € R"x be the closed-loop
vehicle state, which includes both vehicle states and inner-loop controller dynamics (e.g., integrator states). Let
r € U, € R™ be a bounded reference input to the inner loop, and suppose that the closed-loop system satisfies

x=f(x,r), x(0) = xo, y=h(x) e R'». 8)
Rather than apply DDP directly to this large, complicated system, we introduce a simpler dynamic model,
X =f (X0, 13 01) X, (0) = X0, )

where x,, € R™ is model state (often a reduced subset of x), and 8,, € R are a set of model parameters (which
could be physical or notional). Here we have used the subscript m notation (instead of a “hat”) to distinguish these
model states and parameters from the state and parameter estimates in Eq. (2).

We formulate an OCP using the model dynamics (Eq. (9)) in Eq. (1). Similarly, we formulate an appropriate optimal
estimation problem (Eq. (2)) to update model parameters 6, and states X, 7, based on measurements, y (#¢), collected
from the physical aircraft. Online, we collect output measurements and run DDP to solve this MHE problem, thereby
updating 6, (fo) and X, (fo). Then we use DDP to solve Eq. (1), optimizing the input signal r(-) for the model dynamics
in Eq. (9). We pass the result to the inner-loop control which in turn affects the vehicle dynamics in Eq. (8).

This formulation is predicated on the assumption that it is possible to find parameters with which the model dynamics
approximate the true dynamics. To make this precise, let y,, = h,, (X,,,) € R™ describe the model states which we
would like to approximate the measurements, y. We assume that the model dynamics are sufficiently expressive in the
following sense.

Assumption 1 (Expressive performance model) Let &, > 0 be a given tolerance and Ty the control time horizon.
We assume that that there exist constants px, pr, po > 0 and a set X C R"~, such that for any xo € X and integrable
reference signal r : [0, Tmpc] — U,, there exist X', € R"™m @, € R", such that for all x,, o € R"",8,, € R"

satisfying

Xm0 — xj”’()“ < px and HOm - 0’:”” < pg, we have
lh (x(2)) = hm Xm (D) < &y, 0 <1 < T, (10)
where X, = £, (X, 13 0,,) and x = £ (x,1).

Remark 1 We would like to reiterate that separation of model complexity for guidance and inner-loop control is not a
new concept—this is in fact the state of the practice. The novelty of this formulation is the introduction of real-time
performance model estimation using DDP, and the specific control system performance models introduced later in
Section [IL



B. Adaptive Control Benchmark Example

In this section we illustrate the performance model framework on a benchmark example from the £;-AC literature.
We show that the proposed method yields very similar control performance as £;-AC. In addition, this approach
provides predictive system parameter estimates, in contrast to £;-AC which collects all uncertainty into an additive
dynamics modifier (o~ below). We emphasize that the objective is not to claim that DDP is superior to £;-AC, simply
that using optimal control for MPC and MHE with performance models is feasible.

Following [9], consider a dynamical system of the form

Xx=(A+Ap)x+Bwu+fa(1,x,2), x(0)=xo,
z=g(t,x,2), z(0) = zy, (11)
y=Cx

where A € R~ B e R and C € R™*"~ are fixed and known, with n, < n,, A Hurwitz, B full column rank,
(A, B) controllable, and (A, C) observable; Ay € R"™**"x is unknown and bounded; w € R™*™ is unknown, bounded,
and strictly row-diagonally dominant with positive diagonal entries; and f : [0, co) X R"* x R": — R~ are unmodeled
nonlinear dynamics with unknown internal state z € R"=. We assume f(-) is Lipschitz and bounded, and that the
internal dynamics g(-) are bounded-input-bounded-output stable with respect to initial condition and x. The goal is to
optimize u such that the system output, y, tracks the output of the ideal reference system

-1
%ia = Axig + BKper,  yig=Cxia,  x4(0)=x0,  Kpc = — (CA—IB) , (12)

for bounded reference inputs r : [0, o) — U, € R">. We consider the numerical example from [9] with true system
parameters specified in “Scenario 17, and compare the results of DDP with the £;-AC as designed in [9]. While only
the results for “Scenario 17 are presented here, similar results were obtained with all other scenarios.

For DDP we consider the model system,

%, = (A+AA) X +BoOU+,  %,(0) = xo, (13)

where the parameters AA, @ are allowed to vary within the bounds specified in [9], and o = o7 (¢) € R"~ is a bounded,
time-varying disturbance estimate. The parameter estimates are initialized as AA(t =0) =0, xn,. 0 =0) =1L, «n,,
and o (¢ = 0) = 0,,.. The most recent estimate of o is held constant when optimizing controls.

We compute control inputs in an MPC fashion by applying DDP to solve Eq. (1) with the model dynamics in Eq. (13)
and the following continuous time cost function:

to+Tmpe
Topelu1 = [ (100]/C0) = g O + o) = wa)1B) -+ € {10+ Tage) = vi (04 Toge) ;- 14

)

1 00
where y;4(+) is the reference trajectory obtained from Eq. (12), ujg(#) := Kpcr(¢), and C = 01 0 as in [9]. Here

we employ a quadratic cost function to strongly penalize deviations from the output of the ideal system (Eq. (12)), while
including a small control penalty to reduce excessive control effort. Note that control penalties also serve to improve
numerical conditioning of the OCP.

For MHE we use the Gaussian prior cost function shown in Eq. (7), where the measurements are simply taken to be
the known, modeled states from the the true system. In particular,

Tate (A (), &), (), X, 1)

2 1y R
R T / (100 1%, (1) = X013 + [Aa () = A, ][+ [6(1) - 00 + o) - (1)) ar,
tO_Tmhe
(15)

where X, _,, A,, w, and g denote prior means on the initial condition and parameter estimates (i.e., the estimates from
the previous discrete timestep), and || - || denotes the Frobenius norm. Here we apply a strong penalty on deviations

from past state observations and small penalties on model parameters to prevent overfitting and improve numerical
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Fig. 1 Reference commands, r(z), tracked outputs y(¢), and controls, u(z), for DDP-based MPC and MHE

compared with £;-AC for the example from [9].
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Fig. 2 State histories, x(7), unmodeled dynamics, fA(, X, z), and additive uncertainty estimates, o (7), for the
example from [9]. Note that f5 (7, x, z) varies depending on the different state histories resulting from applying
DDP or £;-AC.

conditioning. Notice that although we have complete and perfect state observations in this example problem, rather than
fixing X,;,.—7 = X (fo — Trmne), We allow X,,, _7 to vary and impose a penalty on deviation from its prior. Freeing the
initial condition in this way, even when not needed, can slightly improve numerical conditioning.

We use a timestep of A; = 0.1s, one iteration of DDP per timestep, and time horizons of Tiype = 5s and Tippe = 1s.
The reference trajectory, r(¢), is defined over a 30s interval as in [9].

As shown in Fig. 1, we find that DDP—knowing only about the linear dynamics with an additive disturbance—
achieves comparable tracking performance to .£;-AC with similar control effort. Next, Figs. 2 and 3 show how DDP’s
parameter estimates evolve over time, compared to the additive disturbance estimates to those obtained with £;-AC.
Observe that some (but not all) estimates of entries of A, and @& converge to their true values. It should not be surprising
that full convergence was not achieved; this is because the model dynamics do not include structural knowledge of the
true nonlinear dynamics.
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Fig. 3 DDP model parameter estimates, A, (7) and &(7), for the example from [9].

Nevertheless, by correctly estimating some components of these matrices, DDP relies less on the additive uncertainty
estimate than £1-AC, which treats all uncertainty as additive (i.e., £-AC only estimates o7). Furthermore, the ability to
compute structured parameter estimates could potentially be useful for other autonomous decision-making algorithms.

Lastly, we note that for this problem, the optimal control-based algorithm can achieve stability and tracking by
estimating either o~ or the matrices A, and &. When only o was estimated, performance was almost identical to £;-AC.
Best performance with the new method was obtained when all three parameters were estimated.

I1I. Reference Inner-loop Performance Models
In this section we consider a generic, continuous-time vehicle guidance model,

Xg = fg (Xg,ug:8,), X¢(0) = X0, (16)

where the guidance input, u, € R"™, is the output of an inner-loop control system. A common paradigm in .£;-AC
[9, 14] and model reference adaptive control (MRAC) [8] is to design the control law such that u, tracks the output of
an ideal reference model. The reference model is often the closed-loop linear dynamics of a RSLQR [8, 15].

Adaptive control offers a number of desirable properties, including guaranteed stability and tracking performance.
However, performance can vary within some bounds, and could degrade further if the vehicle experiences disturbances
or effector failures which cannot be rejected by the adaptive controller. Therefore, we expect that it is beneficial to
include a model of the controller’s (time-varying) performance when using DDP for trajectory planning. While the true
inner-loop control dynamics are available, a simplified performance model of the inner loop can be sufficient to capture
the most important dynamics and reduce computational cost. Motivated by the results of Section IL.B, we propose a
performance model which uses the ideal reference dynamics that the inner loop is designed to track.

Suppose that the inner-loop control is designed such that, for r = r(z) € U, c R, n, < n,, the inner loop tracks
the output of the ideal reference system*,

Ziq = Azjq + Br, ujg = Cuyg, 2iq(0) = ziq 0, (17)

where A € R"=*"=, B € R"<*" and C € R™*"= are known and defined analogously to Eq. (11). To account for
variations in tracking performance, as well as degraded performance resulting from major disturbances, we propose an
inner-loop performance model which resembles the kinds of dynamics typically considered in adaptive control [8, 9]:

z:(A+AA)z+Bar+o-, i, =Cz, 20 =1. (18)

*For a detailed performance analysis of £;-AC and MRAC, we refer the reader to [14] and [8], respectively.



Here z € R"= and G, € R" represent predictions of the inner loop’s response to reference commands, Aj € R™=%"= and
@& € R"™ " are unknown and defined analogously to Eq. (11), and o € R"= is an estimate of additive disturbances. The
combined vehicle and inner-loop performance model can then be expressed as

fy (xg,Cz: 0,)

X P .
X = ( g)’ O = {05, A0, 0,0}, Xm = £ (X, 12 00n) = (A+AA)Z+Bd)r+0'

z

). (19)

Note that additive uncertainty, o, can also be included in the guidance dynamics, f, ().

IV. AAM Trajectory Planning with Control Effector Failures

Finally, we present an illustrative example of how the performance model estimation and guidance approach
introduced in Section II can be applied to the NASA L+C concept aircraft. The L+C has 8 vertical rotors for VTOL
operation, as well as a fixed wing, pusher propeller, and aerodynamic surfaces for forward flight [1]. For the inner
loop, we design a RSLQR [8] to track heading frame velocity and yaw rate commands. DDP is applied to a simplified
kinematic guidance model (see Section IV.B) combined with an inner-loop performance model of RSLQR as introduced
in Section III. An overview of the guidance and control architecture is presented in Fig. 4.

Simulation results presented in Section IV.E suggest that DDP with the combined kinematic-RSLQR performance
model can match the performance obtained when using the full 6DoF L+C-RSLQR dynamic model, at a tiny fraction
of the computational cost. Furthermore, the framework is shown to be able to compensate for degraded inner-loop
command-tracking performance as a result of effector failures, maintaining vehicle stability and completing the
maneuver.

A. Vehicle dynamics

We begin with an overview of the 6DoF nonlinear dynamics of the L+C aircraft. For a more detailed introduction to
flight dynamics, we refer the reader to e.g., [Z, 8]. Following [15-17], we formulate the dynamics in the heading frame,
which is convenient for providing guidance commands applicable in “cruise’” (forward flight like a fixed-wing aircraft),
“hover” (VTOL operations), and “transition” modes (a blend between cruise and hover, using vertical rotors and the
pusher propeller).

T
Letp = (¢ 0 tﬁ) denote the vehicle’s attitude relative to the Earth-fixed inertial reference frame, described
by Euler angles, roll, pitch, and yaw, in the body-fixed 3-2-1 rotation sequence (¢ — 8 — ¢). The heading frame is the

x T T’ u
path gd MPC command N R .
o > (DDP) i — > RSLQR > aircraft
7 ) 7 Y 7 )
amrxm (7 X
/M

MHE

(DDP)

adaptive inner-loop

guidance tracking control

Fig. 4 Overview of the guidance and control architecture for the L+C example problem. MPC and MHE
problems are based on kinematic guidance and inner-loop performance models. The RSLQR control law is
described in Section IV.C, and the command shaping for turn coordination in Section IV.D. The path planner is
not modeled in this example; see [19] for an example of how DDP can be combined with a high-level path planner
in the context of AAM.




T
inertial frame rotated about the z-axis by . Nextlet p = ( Pn DPe P d) be the vehicle’s inertial north, east, and down

T T
position, v;, = (u hoVnwW h) be the heading-frame velocity, and w = ( P q r) be the vehicle’s angular velocity
with respect to the inertial frame, expressed in the body frame. The state dynamics are given by

p Rn—i(W)vy,

‘.f.h _ | —ves x Vi + ges + L Fy (Vi w,0) ’ 20)
n S(nw

Jw —w X Jw+M (v, n,w,u)

where g is gravitational acceleration, m is the vehicle’s mass, J is its inertia matrix, u € R! is the vector of control

T
inputsT, e; = (O 0 1) , and

cosyy —siny O 1 singtanf cos¢gtan6
Rnoi() ==|sinyg cosy O, S(p) ={0 cos ¢ —sing |. 2D
0 0 1 0 sing/cosf cos¢/cosO

The functions Fj,, M : R3 x R? x R? x R'* — R? are aero-propulsive models for the forces (expressed in the heading
frame) and moments acting on the vehicle. The models used in this work are described in [18§].

B. Kinematic Guidance Model
In this section we present the reduced-order kinematic model which we use for guidance in this work. The model
state and reference commands are a subset of the full vehicle state described in Section IV.A, namely

xe=(pn pe how) . we=(oe vee wie W) (22)

where h = —p4 denotes altitude and a subscript “c” denotes a commanded state. At this abstraction level, we assume

that heading frame velocities and yaw rate change instantaneously. When the inner-loop tracking performance is good,

this is a reasonable approximation as the inner loop will operate at a faster timescale than the guidance algorithm.
Assuming that there is no wind, and that up, = up ¢, Vi = Vp,c, Wh = Wp,, and W = e, Eq. (20) reduces to

Pn Up,c COSY — Vh,c sin v

j Up e SINY + vy, o COS

p.e _ h,c l/’ h,c l// ) (23)
h _Wh,c

g Ve

We note that when vy, . = 0, Eq. (23) is equivalent to a commonly used kinematic model of fixed-wing aircraft in
coordinated flight [Z, Ch. 9.2]. However, the model we use here is also applicable at low airspeeds and allows for lateral
translational maneuvers which may be needed in some operations.

C. RSLQR Inner-loop Design and Performance Model

Here we provide an overview of the inner-loop state-feedback RSLQR design used in this study. A general description
of the RSLQR design process can be found in, e.g., [8]. This control law is not meant to represent a complete or optimal
design—many design choices have been made for simplicity, rather than performance, and the control system is not
finely tuned. Rather, our use of a basic controller allows us to demonstrate the efficacy of the proposed estimation and
guidance method. Indeed, we contend that working with a roughly designed inner-loop controller actually better serves
to highlight the efficacy of the outer-loop algorithms.

Assume that the 6DoF dynamics are trimmed in wings-level flight with airspeed iiy,, pitch angle , and control inputs
u. Define Aup ¢ = up,c —ilp, AG = 6 — 9, and Au = u — . Note that other states are zero at wings-level trim. The
inner-loop control objective is to track reference command inputs,

\T
I‘Z(Auh,c Vh,e Wh,e (//L) 5 (24)

TThese include 8 vertical rotors, a pusher propeller, two ailerons, two elevators, and a rudder.



and the controller state is defined as a subset of the full vehicle state and integrator states for each reference input:

T
Z= ( Aup vy wnp ¢ A0 p q 1 ey ery erw er ) e R1Z. (25)
The integrator states evolve according to
é[,u Up —Up,c
%I,v _ Vh — Vh,c . (26)
€rw Wnh —Whc
él,z/} /R
Now let A, € R¥*® and B, € R¥*1 be the open-loop state and control Jacobian matrices, respectively, and define
1 00 0O0O0O 0 Auyp,
01 00O0O0O0 0 Vi
Col = e R = (C 0 )z ~ 27
A= 010000 0 ol O4xa W 27
000000 0 I/cosd v
Then the linearized dynamics are
z = Az + BigAu+ B, r, (28)
for
Ag 0 B 0
A = o Osxa) By = o | B, = | 4. (29)
Cor 0454 0414 —Lixa

Notice that for constant r we have Z = AjqZ + Bigi. Thus, given cost matrices Qyq, € R!2*12 and Ryg, € R4 we can
compute the LQR feedback gain matrix, Kiq € R*¥12, and get

Mi=-Kgz =  Au=-Kgz=- (KP K,) z, (30)

where Kp € R'“*8 K; € R!*** are the proportional and integral gains, respectively.
To derive a closed-loop performance model for DDP, we substitute Eq. (30) back into Eq. (28). This yields the ideal
inner-loop dynamics

Aol - B1:)II(P _BOIKI
Cal 0454

CCi=(Ca Ou). 31)

Zid = Aziqg + B, r
Al.lid = CZid

One can verify that the ideal closed-loop system (Eq. (31)) has unity DC gain, meaning Aujq — r for constant reference
inputs. These dynamics are valid when z is small and when A, and B, accurately approximate the open-loop Jacobian
matrices. When the aircraft is far from trim, control effectors saturate or fail, or the aircraft experiences other major
disturbances, Eq. (31) no longer accurately models the aircraft’s closed-loop response to reference commands. Therefore
we define

i:(A+AA)z+B,r+0', i, =Cz+a,  2(0)=z. (32)

Combining Eq. (32) with the guidance model (Eq. (23)) gives us a closed-loop performance model in the form of
Eq. (19). Note that we do not include a gain multiplier, @, because the B, r term in Eq. (32) only affects the RSLQR
integrator dynamics, which are exactly known. More complicated inner-loop control systems could still benefit from
inclusion of a @ parameter.

D. Lateral Velocity Command Shaping for Turn Coordination

Unfortunately, regulating heading-frame lateral velocity does not enforce turn coordination, which is desirable at
higher airspeeds. To this end, we introduce command shaping for the lateral heading velocity command, v ., such that
body-frame lateral velocity, vj, goes to zero.

To derive the modified command, we recall that v;, satisfies

Vp = Up Sin ¢ sin 8 + v, cos ¢ + wy, sin ¢ cos 6. (33)
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Setting v, = 0 and solving for v;, gives
Vi,v=0 = —tan ¢ (up sin6 + wy, cos 6) . (34)

We set the bank angle ¢ to satisfy the coordinated turn equation [Z, Chs. 5, 9],

Vv .
tan ¢ = Etﬁ, V = sign (up) ||vall,, (35)
and assume that u, = up ¢, wp = wp_¢, and Y = .. Then the reference command passed to the controller is modified to
’ Ve . .
Vie (1,0) 5= Vi e + Vi y=0 = Vi = ?Wc (n,c sinf +wp, . cos @), (36)

with V. =~ sign (u h,c) th,c | |2. Hence the reference command passed to the inner-loop RSLQR and controller performance
model is modified to

\T
V(50 = (Aue v, wie o) - (37)

By construction, when vy, = 0, this command leads to v, — 0 in steady state. Meanwhile, if e = 0t s clear that
v — v;l,c = vp . in steady state, including for non-zero vj, .. Unfortunately, non-zero vj . will not be achieved when
we also command ¢ # 0. However, this is deemed acceptable since at higher airspeeds we will usually only command
. (analagously to commanding bank for fixed wing aircraft).

E. Simulation Results

In this section, we present sample simulation results to provide a sense of the framework’s potential and the
importance of its various components. To focus on the main ideas, we limit the scope of the study to a single maneuver
in transition flight (i7;, = 100 ft/s, all rotors turned on). We repeat the maneuver twice for each model configuration:
once with nominal conditions, and once where we fail rotors 5 and 6 (setting their output to 0 RPM); these are the
two inboard engines on the right wing (see [1]). In each simulation, the true vehicle state evolves according to the full
nonlinear 6DoF dynamics with RSLQR to track guidance commands provided by DDP.

The maneuver selected for this study is an aggressive lateral course change and recovery. This can be thought of
as a collision avoidance maneuver provided by a higher level path planner (see e.g., [19]). Specifically, we ask for a
¥q = 60° (right) heading for 20 seconds, then 4 = —60° (left) for 20 seconds, followed by 4 = 0° to return to the
original trajectory. This is depicted in Fig. 5. Importantly, we specify the maneuver using only waypoints and straight
line segments, so without DDP guidance, it is not dynamically feasible nor directly trackable by the RSLQR inner loop.
The DDP MPC problem is formulated as a position-tracking problem with a simple quadratic cost metric:

1}}1:? /“’”mm [(p,,u)l—(%n,d(r))er (peu)l—(%e,d(t))er (h(t);(l)id(t))2+ (w(r);_g/d(w)z
o
+ (—“”"'(;)_ﬁ")z + (IOVh,C(t))2 + (W'T(t))z + (wlpT(t))z] dt,
st X =F (X, 13 0,)
Xy, (fo) = Xim,0
20 < up,c < 160
-10 < Vihe < 10
-10 <wp <10
—12°/s < Y. < 12°/s

(3%)

We set the control horizon to Ty = 10s. DDP is applied to the discretized problem with a timestep of At = 0.05s. The
guidance commands are updated at a rate of 4 Hz with a single DDP iteration. The inner-loop RSLQR tracks the first
0.25s of the commanded trajectory until new commands are computed, with inner-loop controls applied at 100 Hz.
Actuator dynamics are ignored in this simulation.

Several configurations of guidance model states and dynamics, X,,, and f,,(-), are defined as follows:
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Fig. 5 Collision avoidance maneuver in transition. Left: adaptive guidance based on kinematic guidance model
together with the RSLQR performance model with online parameter estimation. Right: guidance based on the
kinematic guidance model only.

* 6DoF + RSLQR: The full nonlinear 6DoF L+C dynamics (Eq. (20)) with RSLQR and command shaping (Egs. (26),

T
(30) and (37)). sz(pT TopT T e,T) e RIS,

v, 1
" — This configuration performs MHE to estimate parameters which multiply effector inputs, allowing DDP to
recognize precisely which effector fails.

* Kinematic + RSLQR: Combined kinematic guidance aTnd RSLQR performance models (Egs. (23) and (32)),

including command shaping (Eq. (37)). X, = (xg zT) e RI®,
- AA estimation on/off. If on, estimate model parameters AA. If off, fix AA =0.
— o estimation on/off. If on, estimate additive uncertainty o for the inner loop and the kinematic model. If
off, fix oo = 0.
* Kinematic only: Only the kinematic guidance model (Eq. (23)). x,, = X, € R*.

— o estimation on/off. If on, estimate additive uncertain_ty o. Ifoff, fix o = 0.
MHE cost functions are constructed in the form of Eq. (7), with weights selected based on performance in nominal
conditions and in single-rotor-failure cases. Cost functions are made as similar as possible across guidance model
configurations.

Total cost (evaluated over the 80s simulation timespan) and CPU clock time for each configuration are reported in
Tables 1 and 2. Plots of selected simulations for nominal conditions (no rotor failures) are presented in Figs. 6 to 10;
selected simulations of failure cases are shown in Figs. 11 to 13.

Detail-oriented readers may be skeptical of some high-frequency oscillations in the heading rate commands, /..
These can be eliminated by increasing the guidance update rate, further tuning the MPC and MHE problem formulations,
and/or inserting a filter in the command channel. They were ignored for this preliminary study, as we did not observe a
significant impact on the flown trajectories.

1. Nominal Case

We first discuss the nominal (no rotor failure) simulations (see Table 1). We find that, under ideal conditions, the
inner-loop RSLQR performs robustly even during aggressive maneuvers like this, enabling excellent position-tracking
as seen in the baseline 6DoF simulation (see Fig. 6).

In this case, the kinematic + RSLQR model enabled virtually identical performance to the full 6DoF + RSLQR
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model est. Ay | est. o || MPC CD%[f,tiit‘;‘f MHE Ic)lf)lf,tiimmf total cost
6DoF + RSLQR - - 1.847s 0.038s 220
kinematic + RSLQR n n 0.022s - 281
kinematic + RSLQR n y 0.024s 0.009s 231
kinematic + RSLQR y n 0.022s 0.009s 253
kinematic + RSLQR y y 0.023s 0.010s 212
kinematic only - n 0.009s - 530
kinematic only - y 0.009s 0.001s 605

Table 1 Performance and computational cost of various configurations for a collision avoidance maneuver
in transition. Total cost (evaluated over the 80s simulation timespan) provides a high-level evaluation of the
configuration’s position-tracking performance.

model est. Ay | est. o || MPC CDI];%‘iitemf (s) | MHE %%%?g‘f (s) | total cost

6DoF + RSLQR - - 2.852s 0.044s 232
kinematic + RSLQR n n 0.022s - 303
kinematic + RSLQR n y 0.023s 0.009s 267
kinematic + RSLQR y n 0.022s 0.009s 287
kinematic + RSLQR y y 0.024s 0.010s 253

kinematic only - n 0.008s - 891

kinematic only - y 0.009s 0.001s 00

Table 2 Performance and computational cost of various configurations for a collision avoidance maneuver in
transition with failure of rotors 5 and 6. Infinite total cost represents a loss of control (see Fig. 14).

model, as evidenced by the similar trajectories and total cost metrics (compare Fig. 6 to Figs. 7 and 8). Furthermore, the
adaptive guidance approach offered better performance than the static guidance model, as online parameter estimates
improved the linear performance model during the aggressive turns. Best performance was obtained by estimating both
A, and o, though some benefits were observed from each individually.

Meanwhile, the lowest-fidelity kinematic-only model led to significantly reduced performance (total cost 530
compared to 220 for the 6DoF + RSLQR model). To understand why, we consider Fig. 9, in which we immediately see
large oscillations in the heading rate and angle. This is because DDP computes highly aggressive guidance commands,
since the kinematic-only model assumes instantaneous command responses. Specifically, DDP waits to initiate the first
turn as long as possible, then commands the maximum allowable heading rate. Unaware of the lag in the response, it
turns around too late, and this oscillatory pattern repeats throughout the maneuver. The kinematic-only model does
perform adequately for more benign maneuvers, but we intended this example to push the limits of the guidance and
control system.

Surprisingly, combining the kinematic-only model with additive uncertainty estimation led to worse oscillations.
Furthermore, we encountered considerable difficulties in tuning this configuration: many alternative cost parameters,
guidance update rates, and other numerical tricks were tested, but none led to substantially better outcomes. In the rotor
failure case, this lack of robustness led to instability.

2. Rotor Failure Case

We now turn to the multiple rotor failure simulations (see Table 2). On its own, the RSLQR designed for this study
does not fully compensate for multiple failures, resulting in degraded command-tracking performance and stability. As
expected, this resulted in increased total cost for each configuration compared to the nominal case.

First, comparing Figs. 9 and 14, large, lightly-damped oscillations clearly illustrate the degraded stability of the
kinematic-only configuration in the presence of rotor failures. Stability of the kinematic model with additive uncertainty
was degraded to the extent that the aircraft entered a sustained Dutch roll (see Fig. 15).

In contrast, both the 6DoF + RSLQR and kinematic + RSLQR configurations were largely able to recover their
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nominal performance. The adaptive guidance configurations, especially the model which estimated both A, and o,
continued to outperform the static inner-loop model. This suggests that knowledge of the inner-loop dynamics, especially
when updated online, is critical for successful use of reduced-order guidance models at the edges of the flight envelope
and/or in the presence of major disturbances. More benign maneuvers and disturbances may not require the inner-loop
model.

These simulations illustrate the usefulness of adaptive guidance in scenarios where inner-loop dynamics differ
significantly from design conditions. Furthermore, the proposed linear performance model appears to be sufficient for
characterizing the RSLQR-in-the-loop dynamics in this context, though more work will need to be done to evaluate the
model systematically.

3. Computational Efficiency

Simulations were implemented in MATLAB R2024a and run on a 2023 MacBook Pro with M2 Pro chip and 16GB
RAM. Efforts were made to write efficient code, but the implementation should not be considered optimized. Therefore,
reported CPU clock times give a general idea of the computational feasibility and relative efficiency of each guidance
model.

In preliminary testing, it was found that a sufficiently long time horizon (Tnpe = 10s) was required for good
performance. Shorter time horizons often resulted in commands which were too aggressive, while longer horizons
caused convergence difficulties for DDP. In instances where MPC-DDP iterations struggled to converge, we warm-started
the computation by running DDP on the MPC problem with the reduced kinematic guidance model.

For the 6DoF + RSLQR dynamics, each iteration of DDP for the MPC problem took about 2 or 3 seconds. In the
simulation, guidance was updated at 4 Hz, hence this model would not be feasible for real-time implementation without
improvements. Meanwhile, the kinematic + RSLQR model took about 0.03s per DDP iteration. This is about 100 times
faster than the full 6DoF model, and sufficiently fast for the simulated 4 Hz guidance update rate.

V. Conclusions and Future Work

In this paper, we have explored the interaction between inner-loop feedback control laws with outer-loop guidance
algorithms based on optimal control and estimation. In order to limit complexity, it is common practice to use
reduced-order models in the guidance loop. With this in mind, we introduced adaptive performance models with linear
sub-components to represent the tracking performance of the inner-loop controller. This is a natural formulation for
adaptive flight control systems which track a linear reference model.

Focusing on the L+C concept aircraft, we designed a RSLQR to track commands in the heading frame, and formed
the accompanying closed-loop performance model. We wrapped an adaptive guidance loop around this, using DDP to
solve the MPC and MHE problems with various guidance models. We compared the robust tracking performance of
these configurations with an illustrative aggressive position tracking problem in the presence of multiple rotor failures.

In this study, the proposed kinematic + RSLQR guidance model recovered the performance and robustness of the full
6DoF + RSLQR model, at a small fraction of the computational cost. The adaptive guidance model further improved
performance. This is a promising indication for potential future implementation in real-time guidance systems. On the
other hand, using the kinematic model alone (without knowledge of the inner-loop dynamics) resulted in poor stability
and performance during the aggressive test maneuver and especially when effector failures were introduced.

It is worth emphasizing that the proposed algorithm is not a panacea. Specifically, if the inner-loop controller cannot
possibly stabilize the aircraft, this adaptive guidance algorithm will not stabilize it either. Rather, it attempts to provide
guidance commands which account for underlying dynamics, and modify the performance model as necessary to match
observed responses.

With this in mind, there are a number of areas in which the algorithm might be improved. First, tuning cost function
weights and other MHE problem parameters is not always straightforward, and some time must be invested to obtain
robust performance. An important line of future work is to investigate efficient strategies for formulating the MHE
problem appropriately, and/or modifying the structure of the inner-loop performance model.

Next, using constant estimates of o for planning may not be effective for long time-horizon trajectory optimization.
For this reason, we would like to explore alternative formulations with time and/or state dependence. That is, o € R"=
is replaced by a term like Bor (¢, z), where o : [0, 00) X R": — R is now a vector of time- and state-dependent basis
functions and B € R"™*"< is a matrix of coefficients. In addition, we would like to consider avenues for analytical
mathematical understanding of the approximation properties and limitations of the proposed inner-loop performance
models described in Section LI
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Finally, based on promising initial results with a basic inner-loop control law, we are interested in combining the
adaptive guidance algorithm with a more advanced controller, such as an £; adaptive augmentation of a RSLQR [15].
We expect that such a control law could stabilize the aircraft at faster timescales than the guidance system can possibly
operate, and thus their combination could improve performance in the context of a much wider range of uncertainties.

Appendix
A. Simulation Plots: Nominal Case
Tracking performance Guidance commands
py north (ft) uy, velocity (ft/s)
6000 : | : 1500 : : : .
9]
4000 100 P a3 p—————————— . .
000k T e target] |
. ‘ ‘ ‘ ‘ ‘ i flown 50F | | | | | target
0 10 20 30 40 50 60 70 8 0 10 20 30 40 50 —— command
200 . vy, velocity (ft/s)|— — shaped command
1 : : \ flown
[ G anm i SR
1000 1 ol - S
¥ T N Y
\ L
0 -10 L L L L L L L
0 60 70 80 0 10 20 30 40 50 60 70
h altitude (ft) wy, velocity (ft/s)
Jf \ \ 10 ‘ : \
2 (] S VSS— aqgann e e S ——
0
I I NS | | I | 210 I I I I I I I
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70
100 ¥ heading (deg) 4 heading rate (deg/s)
' TN [N\ |
()._.../ \\ | 0 " ...,J’\n (s y oz I
b ol L [ |
L L L L L L L L

-100 I I I | I I
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70

time (s) time (s)
Aircraft states
uy, velocity (ft/s) w, velocity (ft/s) ¢ roll (deg) p roll rate (deg/s) V airspeed (ft/s)
100 I""\\ﬁ 100 ”\\ﬁ %0 /\ /v\ 20 100 ’V\V
98 / 9 ISR \Y SR o\ . *
g6l | [ target 96 v V 96
04 —— flown 94 -20 20 o1
0 20 4 6 8 0 20 40 6 8 O 20 40 60 8 0 20 40 60 8 0 20 40 60 80
vy, velocity (ft/s) L velocity (ft/s) 6 pitch (deg) q pitch rate (deg/s) _a angle of attack (deg)
) 4 6 2
M h | i !
PN S I W AN A\ a5 W [ W A4 A WA
AR A 2 '
R . 0
0 20 4 60 80 0 20 40 60 80 0 20 40 60 80 0 20 40 60 s 0 20 40 6 8

I velocity (ft/s) o W velocity (ft/s) 0 Y yaw (deg) 1o TYaW rate (deg/s) B sideslip (deg)

1 7 5 AN Y
0/ '\V/\WA 6 AV ‘r\umv 10:_/.-{.-\\;9;/ ) VUAV \csspomme _OZ U{\ vw/\

0 20 40 60 80 0 20 40 60 800 20 40 60 80 0 20 40 60 80 0 20 40 60 80
time (s) time (s) time (s) time (s) time (s)

Fig. 6 Collision avoidance maneuver in transition. DDP guidance is based on the full 6DoF + RSLQR model.
This simulation represents a best-case performance baseline in nominal conditions.
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Fig. 7 Collision avoidance maneuver in transition. DDP guidance is based on the kinematic + RSLQR
performance model. Note the similarity to the 6DoF baseline (Fig. 6).
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Fig. 8 Collision avoidance maneuver in transition. DDP guidance is based on the kinematic + RSLQR
performance model with estimation of model parameters A, and o. Note the similarity to the 6DoF baseline
(Fig. 6), as well as modestly-improved position tracking compared to non-adaptive configuration (Fig. 7).
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Fig. 9 Collision avoidance maneuver in transition. DDP guidance is based on the kinematic model only. Note
the large oscillations in heading and heading rate, compared to the 6DoF baseline (Fig. 6).
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Fig. 10 Collision avoidance maneuver in transition. DDP guidance is based on the kinematic model only,
together with additive uncertainty (o) estimation. Note the large, lightly-damped oscillations in heading and
heading rate.
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B. Simulation Plots: Rotor Failure Case
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Fig. 11 Collision avoidance maneuver in transition with rotors 5 and 6 failed. DDP guidance is based on the full
6DoF + RSLQR model. With complete dynamics information, DDP is largely able to identify the failed rotors
and modify guidance commands to follow the desired flight path with only modest deviation from the nominal
case (Fig. 6). This simulation represents a best-case performance baseline in this failure scenario.
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Fig. 12 Collision avoidance maneuver in transition with rotors 5 and 6 failed. DDP guidance is based on the

kinematic + RSLQR performance model. Note the similarity to the 6DoF baseline (Fig. 11).
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Fig. 13 Collision avoidance maneuver in transition with rotors 5 and 6 failed. DDP guidance is based on the
kinematic + RSLQR performance model with estimation of model parameters A, and o. Note the similarity to the
6DoF baseline (Fig. 11), as well as modestly-improved position tracking compared to non-adaptive configuration
(Fig. 12).
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Fig. 14 Collision avoidance maneuver in transition with rotors 5 and 6 failed. DDP guidance is based on the
kinematic model only. Note the large oscillations in heading and heading rate, compared to the 6DoF baseline
(Fig. 11) and the nominal case (Fig. 9).
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Fig. 15 Collision avoidance maneuver in transition with rotors 5 and 6 failed. DDP guidance is based on the
kinematic model only, together with additive uncertainty (o) estimation. Observe that the poor robustness
characteristics of this simple guidance model configuration led to a persistent Dutch roll.
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