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Abstract— This paper presents a novel sparse failure identi-
fication method along with rapid control reconstitution using
deep neural networks for detecting and compensating for motor
failures in multirotor aircraft. The presented method leverages
a reformulation of the Neural-Fly online adaptation algorithm
and a unique control allocation update approach to prevent
motor saturation and improve tracking performance in the
presence of modeling errors and actuator faults. Experimental
flight results demonstrate the ability of the method to maintain
control of an aircraft by isolating motor failures and reallo-
cating control in under one second, whilst also reducing the
trajectory tracking error by 48 % compared to the baseline.
When direct motor speed sensing is available, the proposed
allocation algorithm and control architecture enables almost
instantaneous failure compensation. The findings of this study
contribute to the development of robust fault detection and
compensation strategies for over-actuated aircraft, enhancing
aircraft safety and reliability in a wide range of applications.

Index Terms— Fault tolerant control, adaptive control, re-
motely piloted aircraft

I. INTRODUCTION

ERIAL robots, such as uninhabited aerial vehicles
(UAVs) and passenger-fairing electric Vertical Take-off
and Landing (eVTOL) aircraft, are becoming increasingly
commonplace, emphasizing the need for robust Fault De-
tection, Isolation, and Recovery (FDIR) methods. Operating
these aircraft pose significant challenges and risks, particu-
larly when navigating above densely populated areas where
a major malfunction could jeopardize lives and assets. Thus,
there is a great interest in improving the survivability of these
aircraft to events such as motor and actuator failures.
One method for increasing the tolerance of an aircraft to
a motor failure is to use highly-redundant control actuation
schemes. Although this redundancy intends to secure suf-
ficient control authority for recovery following a failure, it
amplifies the complexity of the control system. The usual ap-
proach involves assessing the system using fault tree analysis,
accounting for all predictable failure situations. However, as
system complexity rises, the chance of unforeseen failures
also escalates. This poses a significant challenge in design-
ing and implementing robust fault-tolerant control (FTC)
systems equipped to handle potential failure scenarios. This
paper presents a set of new methods for robust, data-driven
fault-tolerant control called Neural-Fly for Fault Tolerance
(NFFT). The core method consists of an adaptive fault
diagnosis algorithm and a rapid fault compensation scheme
(Fig. 1) that detects actuator failures without direct motor
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Fig. 1. Neural-Fly for Fault Tolerance (NFFT) combines residual force
estimation with sparse actuator failure identification without direct sensing
of the actuator states through ¢1-regularized adaptive update policy. The
system compensates for faults by dynamically updating the control alloca-
tion through online optimization based on the observed aircraft behavior.
sensing and reallocates control without the need for a hard-
coded response. These methods are validated via real-world
flight tests and show up to a 48 % improvement in high-speed
position tracking when compared to the baseline. The major
contributions of NFFT are 1) a sparse fault identification
algorithm that works in conjunction with rapid adaptation
of deep neural networks for adaptive flight control, Neural-
Fly [1], without the need for direct motor sensing; 2) a novel
control allocation scheme that effectively leverages both the
learned dynamics and failure identification to redesign the
control allocation matrix and maximize control authority; and
3) demonstrations through real-world flight tests providing
compelling examples of the benefits of this work.

Related work. The current pool of fault-tolerant control
research commonly divides the problem of recovering from
faults into two discrete steps: fault diagnosis, which encom-
passes detection and isolation, and FTC. Recent surveys [2],
[3] offer extensive insights into a range of fault diagnosis
methodologies. Yet, a significant portion of the research
focuses solely on FTC, without considering the preceding
steps for fault diagnosis. For known faults that leave the
aircraft under-actuated, [4]-[6] employ strategies to let the
aircraft rotate freely about a fixed axis in order to maintain
position. For over-actuated systems, control allocation algo-
rithms, highlighted by [7]-[13] prove particularly valuable.
Not only do these algorithms aid in designing robust vehicle
configurations [8], [9], but they also serve as a method for
real-time response to identified faults [7]-[9], [12], [13].
Similarly, [14] presents methods for analyzing vehicle per-
formance limits under specific failures.

Some works address both fault diagnosis and FTC si-



multaneously. Early studies [15], [16] utilized the Interact-
ing Multiple Model approach, propagating the probabilities
of various failure scenarios and subsequently using these
probabilities to fuse the ideal estimated state or control
command for each identified failure. Newer studies prioritize
identifying the most likely fault and performing discrete
switches between nominal and fault-compensating control
methodologies [17]-[19]. Some work [20] builds upon adap-
tive control tools, though they require persistent excitation of
the failure detection signal. These limitations are addressed
by [21], which records key previous measurements, and
[22], which uses both output tracking performance and
direct sensor measurements to design robust control schemes.
Some recent works explore learning-based methods for fault
diagnosis [23], [24] and recovery. [25] presents FTC scheme
utilizing supervisory reinforcement learning (SRL) while
[26] employs adaptive NN-based FTC with automatically
regulated neural network weight parameters.

It is important to highlight that numerous robust control
and adaptive control algorithms, initially designed for dif-
ferent purposes, can be effectively utilized in fault diagnosis
and FTC. This holds particularly true for benign failures like
partial propeller damage, icing, unexpected battery voltage
drop and blade pitch locking, for which methods such as
[1], [27]-[31] prove to be useful. These strategies deliver
impressive performance under nominal conditions for highly
over-actuated vehicles but lose effectiveness in severe cases
where system controllability is dramatically altered due to a
complete actuator failure.

Despite the existence of these methods for FDIR and
FTC, a substantial gap in knowledge persists in dealing with
unforeseen failures not accounted for during the design phase
of fault mitigation systems. This study bridges the gap by
deriving our NFFT method, which utilizes only the aircraft’s
response to control commands to isolate a failure, eliminating
the need for direct sensing of a predetermined, enumerated
set of potential failure modes. This NFFT method is also
designed to maintain the original performance of the system,
enabling safe recovery during any operational mode. Further,
by building on our prior work [1], NFFT facilitates precise
and agile control even amidst time-varying disturbances and
faults by utilizing rapid adaptation of deep learning networks
with stability guarantees.

II. NOMINAL CONTROL AND CONTROL ALLOCATION

Consider a multirotor with dynamics of the form
&= f(z) + Bt)u+ g(z,u,t) + d(¢) (D)

where z € R"™ is the n-dimensional state vector, f(z) is
the estimated nominal dynamics model, B(¢) is an unknown
control actuation matrix that is approximated by By ~ B(t)
when the system is operating nominally, v € R™ is the m-
dimensional control input, g(z,u,t) is the unknown residual
dynamics, and d(t) is external disturbance. Without loss of
generality, assume that u € [0, 1]™ and the maximum control
force Tmax,; = max,, |(Bow);|.

The measurement y of g(x, u,t) with noise € is given as
y=9g(z,u,t)+e€ @)

For small g(x,u,t) and d(t) in the nominal operating
condition, the system is exponentially stabilized by

u= By (K& + iq — f(2)), 3)

where K is a positive definite gain matrix, x4 is the desired
state, T is x — x4, and BO'R is any right inverse of By such
that B()B()_R =1

In practice, By acts as a control allocation matrix that
maps the required forces and torques to the control input
w and for over-actuated systems, By is not unique. For
a given estimated actuation matrix, B, finding the control
allocation matrix reduces to finding A such that ideally
A = BRand BA = I. If BA is not diagonal, the system
will have some control-induced cross-coupling between the
control axes. If BA is diagonal but not the identity matrix,
then there will not be any control-induced cross coupling,
however, the system will not achieve the expected control
efforts.

III. NEURAL-FLY ADAPTATION WITH FAULT TOLERANCE

Under actuator faults, the nominal control actuation matrix
is altered, and is expressed in the form

B(t) = BoH(t), H(t) = diag (n(t)) (4)

where () = (1, ,1m) "3 mi(t) € [0,1] is the effective-
ness of the ith actuator at time ¢ (0 denotes complete failure).

We present the following model to estimate the residual
dynamics g(x,u,t) from (1)

aneRT (2, u,t) = Bo(H — Nu + ¢(z, u)a(t) ®)

where gnrrr & g(z,u,t) is a combination of Bo(H — I)u
which is the estimate of model mismatch due to actuator
faults, and ¢(x, u)a(t) denotes Neural-Fly’s learned residual
model of the time-varying aerodynamic forces [1]. Conse-
quently, the control law u for (1) has the form

u=unppr = (BoH) " (~K + i — f(z) — ¢a)  (6)

The method for obtaining the estimated motor effective-
ness matrix H is presented in Sec. III-A. The method for
obtaining the learned residual model ¢a is presented in Sec.
III-B. Finally, the method for determining the optimal control

R
allocation Anppr = (BoH)
presented in Sec. II-C.

in the presence of fault is

A. Sparse Failure Identification

For discussion of FTC when residual and disturbance
forces are negligible (such as during hover), we employ the
simpler model of ¢g and control law wu for (1):

gFT(J),U) = Boﬁu — Bou = Bo([:[ — I)u,
w=upr = (BoH) " (<K& +da— f(z)) ()

In (7), grr = g(z,u,t) represents the mismatch between the
expected and actual propeller force outputs due to actuator



faults, and H is the diagonal matrix of estimated actuator
effectiveness 7).

The goal of this scheme is to estimate 7 online without
directly sensing the actuator states, allowing computation of
the optimal control allocation Agpr = (Bofl )_R to maintain
nominal performance characteristics in the presence of ac-
tuator failure. We employ an /;-regularized adaptive update
policy for such estimation. This is an effective regularization
term for sparse parameter estimation because it encourages
sparse solutions without requiring a hard constraint on the
number of non-zero parameters or iteration through many
non-zero parameter combinations.

1) Continuous Update Law: Consider the following least
squares cost function for continuous time ¢

t
J () / ) |y — gl Pdr 4 291 — 1 ®)
0

where y is the noisy measurement from (2), wy is the
exponential forgetting rate, and -y is the regularization factor.
Equation (8) can be rearranged by defining = 7 — 1,
U = diag (u), and ger = BoU7 to yield

t
J(7) = / e |ly — BoU (r)qgl|* dr + 27|77l 9)
0

~
~

We approximate ||7||; such that for ¢ actuators, ||77|1

S V2 +e=||il1,e and lime_0 >, /72 + € = [|7]]1.

Then the cost function (9) is approximated J(7],€) s.t.
lime_,o J (7, €) = J(7]), where J(7],€) is given by J(7j,€) =

t

/ ~wr) (yly—2y 'BoU7+7 U By BoU7 dTQWZ\/mQ-f—e
0

(10)

Since this cost function is convex in 7, the minimum value

is obtained when 2 F = 0, leading to

oJ !

3 :/O e @ =1) (2U By + 2UB] BoU7) dr (11)
t

n= Pn/ ety (r B ydr  where P, = (12)
0

t
(v : diag[ vt rg+ev"'}+ /O eIy () B] BoU(r)da

If 7; = 0, i (typically for £; norm minimization), then

_ 1 1 _ 1
\/ﬁ NG Otherwise, as lim._.q Jrre Tl
. (P .

By using P77 = —P,,%Pn, we obtain

Py =wsP, — Py (vG(,€) + U(t) " By BoU(t)) P, (13)

_ o _ L
where n.e) = dia. Mtwyh fwre Hetwsiptwre
g(777 ) g |: (ﬁ%+€)3/2 ) (f]§+5)3/2 )

Now, we can derive a recursive update law for 7:

=P, (U(t)TBJ o)~y [ eI E] y(r)dr)
+ (wg Py — P, (vG (1, €) + U(t)By BoU(t)) Py)

- ( /0 t e~ rt="y(r) By y(r)dr)

7= PyU(t)" By (y — BoU(t)if) — vPyG (i €) -

(14)

15)

-1

Integrating (15) over time ¢ produces the minimum solution
to (10).

2) Stability Analysis: Assume that we design a control
allocation matrix A such that BOH A=1I

The closed loop dynamics are

&= f(x) + BoHu + g(z,u,t) + d(t)
—K# + iq — BoHu + do(t)
= —K1— B()U’l7+d2( )

(16)
a7

Whereﬁ:ﬁ—n,izm—xd,Hzﬁ—Hand dy(t) =
g(x,u,t) + d(t).

By direct online optimization (e.g., the solution given in
(12)), the ¢, sparsity condition is fully enforced for m control
inputs. In contrast, numerical integration using (13) and (15)
is subject to integration errors and violation of the sparsity
condition, while eradicating the need for online optimization.

Theorem 1: For bounded disturbance d, the tracking error
T using upT, given by (7) and (15), will be exponentially
bounded in the sense of finite-gain £,, stability [32].

Proof: Consider the following Lyapunov function: V =
E ﬁ]TM [z 7] where M = f

computed as follows:

0 .. .
0P, 1} The derivative is

. . : P
— 95 s 95T Pl LT

V T x+2n Prn+n T
o 2K BoU i
~|4] [UBJ UTB{BoU++G(7.€) +wrPrt] |

AT
w2l Lo gaseio-o-p)
i| |[U'BJd—~G(7,€)-n— Pty
Since P~ ! being bounded and uniformly positive definite,
there exists some a > 0 such that
| 2K ByU
UB; U'Bj BoU+~G(7,€)+ws Py

(18)

1} <—2aM
(19)
Note that (19) is satisfied if 2K — 2a > 0 and

UB] BoU+4G+(ws—20) P, ' —~UB) (2K—-2a1) " 'ByU >0

(20)
A sufficient condition for (20) is 2K — 2ol — I > 0, wy —
200 > 0 since P 1> 0 is true by definition, G (1, ¢€) > 0
and UBJ BoU — UB] (2K —2aI)” " BoU > 0 are also
true. Using (18), (19) and the Cauchy-Schwartz inequality,
V can be bounded as follows:

V < —2aV +2VVD, 21)
here D d2
wher =
o PYPUBJd— PG, e — Py %)
Consider the related system VW where W = \/17 and

VW = V. Then, from the Comparison Lemma [32]
D D
VYV <w(t) <e ™ (w(0> — sup C(f)) +sup % (22)
t

t
Hence, v/V and also |||| exponentially converges to the ball
sup; g. |



Remark 1: Seemingly, the proof is complete at this point.
However, we have not yet shown that D is bounded. By
assumption, 7, d, and 7} are uniformly bounded, and By, -,
wy, and € are constants. D is uniformly bounded if P,}/ 2,
P, Y 2, 7, and U are initially bounded and continuous.

Note that P,} /% and P, 12 are uniformly bounded if
P ! is uniformly positive definite and uniformly bounded,
respectively. Uniform positive definiteness is guaranteed by
uniform positive definiteness of 7. Uniform boundedness
is guaranteed by uniform boundedness of U and 7. 7 is
uniformly bounded if 7 is uniformly bounded and 7 is
uniformly bounded. Also, U is uniformly bounded if  is
uniformly bounded and (Boﬁ)'R is uniformly bounded.

While precise conditions for uniform boundedness of
(Boﬁ)'R is difficult to write out, it is clear that 7 — 0
as v — o0o. We also observe that Pg/2 ~ U,n, so for
small «, D will be dominated by the term Pg/ U By d.
For sufficiently large -, (Boﬁ)'R is bounded. Lastly, for
very large 7, no adaptation will occur and the system will
maintain the baseline performance. Thus, there is an inherent
design trade off between the degree of regularization and the
nominal modeling errors not captured by the effectiveness
adaptation model.

3) Discrete Update Law: The analogous discrete time
least squares cost function for time step k is

k
T =3 et (o) (i—g) 4 il @3)
1=0
k
=D e (y Ty — 2975+ 379) + Nl
1=0
k k
_ ( e—wf(tk—tq;)ygl'yz) _9 (Z e—wf(tk—ti)yiTBOUi> 7]
i=0 =0

k
L (Ze‘”“’“‘”)“Bg BOUi) v
i=0

where g = gpr from (7), and (23) is a convex function of
77 =71 — 1. So we can easily solve for the optimal 7, using a
number of optimization problem solving tools such as [33],
[34]. During online computation, we quickly incorporate a
new measurement by scaling the old summation terms by
the exponential forgetting term e(~s(tx—tx-1)) and adding
the k’th term.

In addition, we apply the following thresholds and linear
fit to the optimally solved effectiveness factors.

L ifpi=¢
= ke e < < 24)
0 if i; < ¢

where ¢ and ¢ are upper and lower threshold parameters,
respectively, such that (,£ € [0,1] and ¢ > £. This scheme
allows for a more aggressive update of BoH (t) by treating
actuators with a sufficiently low effectiveness estimate as
completely failed, and treating those with a sufficiently high

effectiveness as fully functional, with smooth shaping in be-
tween for stability. Additionally, this output shaping captures
the behavior of real-world motor failures as motors are highly
unlikely to be functional but significantly degraded.

B. Neural-Fly Dynamics Adaptation for Real-Time Learning

As will be shown in Sec. IV, the performance of effective-
ness (77) adaptation based on discrete time cost function (23)
degrades when the aircraft is in forward flight and aerody-
namic forces are introduced. To address this limitation, we
follow prior work [1] to combine sparse failure identification
with Neural-Fly to form NFFT (6).

Consider Neural-Fly’s learned residual model of the time-
varying aerodynamic forces, and its adaptive controller

onp(x, u, t) = ¢(x, w)alt),
u=ung = Bo (K& + g — f(x) — ¢a)
For both unppT (6) and unr (25), the basis function ¢(x, u)
is trained through the DAIML algorithm [1] in the offline
learning phase, while the time-varying linear weights a
are updated online using the Kalman filter-based composite
adaptation law and covariance update equation
i=-Xa— P R (pa—y)+ Pud's
Pa = _2>\Pa + Q - Pad)TR_l(bPa

(25)

(26)
27)

where P, is a covariance-like matrix for automatic gain
tuning, s is the composite tracking error, and A, R, and Q
can be tuned similar to Kalman filtering.

Although gnr alone yields reasonable aerodynamic resid-
ual force estimates and position tracking performance during
nominal flight, actuator failures cause the plant to be severely
altered, resulting in erroneous force estimates and flight
performance. To further highlight this, we investigate the sta-
bility requirement for Neural-Fly. [35] showed that spectral
normalization of a learned residual model for g guarantees
the existence of a stabilizing control solution and robustness
of the augmented control. [1] extended the learned-residual
control framework to online learning of dynamics, allowing
effective and robust adaptation of a pretrained model to a
time-varying conditions. The learned model of the dynamics
is incorporated into the control scheme with the following
iteratively updated control law for iteration step k:

up = Bo g, Tak = ia— K7 — f(x) — gne(w, up_1,t)
(28)

where the fixed point iteration gng(z,ug—1,t) =
OnE(z,ug,t) is used to capture the non-affine control
problem that arises from the learned model. To ensure
stability, the fixed point iteration requires that the Lipschitz
constant of the iteration is less than one, which is true when

o(Bo ™) Lu(g(z,u,t) <1 (29)
where o(By ) is the spectral norm of By® and
L,(G(z,u,t)) is the Lipschitz constant of §(x,u,t) with

respect to u. Furthermore, [35] showed that the exponential
convergence rate of the closed-loop system depends on the



convergence rate of this fixed-point iteration. In particu-
lar, the exponential convergence rate, «, is proportional to
(Amax (K) — p), where p bounds the one-step difference
in the control input, such that |Jur — up—1|| < p||lZk] =
pl|Zk—1]]- For actuator failures in the form of (4), the Lips-
chitz constant is given by £, (g(z,u,t)) = max, ((n; — 1),
and, therefore, an effective learned model of the faulty
dynamics will have a large Lipschitz constant. Because of
this Lipschitz constant requirement, the control law in (28)
can break down.

Therefore, we arrive at aforementioned (5), (6) combining
(7) which estimates the actuator effectiveness and dynami-
cally updates the corresponding control allocation, and (25)
which estimates the aerodynamic residual forces through
offline learning and composite adaptation.

The discrete-time least-squares cost function (23) is still
valid for this combined approach, except now § = gnrrT (5).
This approach prevents the system from erroneously esti-
mating actuator effectiveness based on a naive measurement
of the residual dynamics that does not take into account
aerodynamic disturbance forces such as drag.

Theorem 2: Similar to Theorem 1 and (18), the tracking
error Z using unrpT Of (6) will be exponentially bounded.

Proof: The derivative of the Lyapunov function V for
uNFrT 1S now extended to take the form

V=2iTi+27 Pyli+2a Pyt Byt +al Prla

=

+2

[SIRSIR]

Tr2K 0 0 5
} [0 UT B BoU+~vG+ws Pt ¢ T (I+R™1)BoU Mﬁ}
0 UTBy (I+R™ Yo "R p+P7IQP T La

d
} [ UTBy d=Gn—P; '
¢"R™Yd—P ' a—P 4

SIS

where £ = ¢z — x4, 7 = § —1n, and @ = a — a. Similar
to the stability proof of upr, we can find the bounded
input and bounded output stability (finite-gain £, stability
with sufficiently large Q). This follows from ¢' R™1¢ +
P7lQP ' —2aP; ! > %UBOT(I+R*1)¢¢T(I+R*1)BOU
and « is the lower-bound of the first 2x2 given in (19) and
since @, A can be chosen such that P, 1QP, ! —2aP,; 1 > 0,
since P, ' > 2)\/[|Q|| - I if P,(0) < £ by Theorem 3. M

Theorem 3: Pyt > 2)/||Q|| - I, Vt if P,(0) < .

Proof: Consider Vp, (t,y) =y ' Pyy, for |jy|| = 1.
If P,(0) < %, then,

Ve, =y (=2\Ps + Q — Pu¢ R ¢Pu)y
<y (AP +Q)y = Vp, <[yl =lI551.
Therefore, P, 1 > 2)\/||Q|| - I as required by Theorem 2.
|

C. Control Allocation through Online Optimization

Before we present a novel control allocation algorithm,
we compare three prior approaches for control allocation.
Because these methods do not explicitly consider the time-
varying nature of the system, we will simply denote the
control actuation matrix of interest as B.

A natural choice for the control allocation matrix, A, is
the Moore-Penrose right pseudoinverse, which yields the

minimum norm control input given any desired torque com-
mand. However, this solution does not account for actual
power usage or control saturation, leading to potentially non-
actionable solutions.

For a symmetric system, the allocation matrix that yields
maximum control authority along each control axis, indepen-
dently, is

Amea = Sign(BT) (31)

This allocation scheme does not work under a single
motor failure, where B = ByH(t), as it will cause
(BoH )sign((BoH) ") to become non-diagonal. This leads to
cross-coupling in the different control axis and significantly
degrades tracking performance.

The allocation algorithm proposed in [9] imposes con-
straints to a cost function to ensure that the solution is a valid
control allocation matrix for B and that the thrust factors
are non-negative. However, under an outboard motor failure
for the system in Sec. IV, this method yields some thrust
factors equal to O with non-zero torque factors. Thus, there
are infinitesimally small torque commands that can cause the
control to saturate.

Due to the limitations of prior approaches, we propose
a novel allocation algorithm that directly maximizes the
control authority at the nominal operating point. Let the
commanded net-zero force thrust be h € [0,1], and Ap,
AR, Ap, Ay be the columns of A that produce required
actuator command given desired vertical thrust, roll torque,
pitch torque, and yaw torque, respectively. Finally, let Br,
Bpr, Bp, By be the corresponding rows of B that govern
the vertical thrust, and roll, pitch, and yaw moments.

The thrust for a given set of motor speeds is given by
Bru. Thus, to achieve the maximum thrust with no torque,
u = A1q = Ap. To achieve the maximum torque along the
roll axis with net-zero force, uq = Atq = hAr + Ar. A
similar approach can be taken for the pitch and yaw axes.
Since the vehicle is asymmetric when experiencing a failure,
we must consider both the positive and negative torque along
each axis. Accounting for actuation limits, this leads to

AFT =argmax Z BZ(hAT —|— Az) — Z B,L(hAT — Az)
i€{R,P,Y} ic{R,P,Y}
+ Br(hAr) — [|[A = Aollp

thrust

st. BrpyAr=0, 0<Ar<1, }

BrpyhAr+Ag) =Ih,0, O]Tv}
0<(hAr+AR) <1, constraint 32)

BrryhAr+Ap)=[h,0,0]",] pitch
0<(hAr+Ap) <1,

Br rphAr+Ay)=[h,0,0]",
0 < (hAT:I:AY) < 11-7

constraint

roll

constraint
yaw

constraint

For failure scenarigs, BAgr #* 1, hoyvever, BAgr is
diagonal. We rescale Apr to ensure that BAgr = I, yielding
the final control allocation matrix

Apr = Apr (BAFT)_l (33)
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Under nominal conditions, this exactly reproduces the
solution from (31) and under a single motor failure, this al-
gorithm maintains maximum control authority while preserv-
ing the nominal performance characteristics of the system,
maximizing the probability of controllability of the aircraft.
Furthermore, this formulation is not only convex, but also is
a linear program, allowing it to be solved efficiently in real
time with a numerical solver.

IV. EXPERIMENTAL VALIDATION
A. Hardware Setup

Neural-Fly for Fault Tolerance was deployed on a custom-
built octocopter (Fig. 2, left). The aircraft configuration is
based upon the Autonomous Flying Ambulance [36], an
eVTOL UAV designed to maximize controllability when
one or more motors fail. The ocotocopter has a maximum
motor-to-motor distance of 1.57m and a mass of 9.4kg.
The aircraft runs ArduCopter [37] on a Cube Orange+ and
uses IMUs, barometers, magnetometers and an RTK GNSS
to provide the state estimate. The motors are controlled
via Dshot which provides motor telemetry for verifying the
estimates of our algorithms. The aircraft is configured as a
Dynamic Scripting Matrix frame class, allowing the control
allocation matrix to be updated in-flight.

NFFT is run entirely onboard the aircraft using an NUC
(AMD Ryzen 7 4800U CPU, 32 GB RAM) companion
computer with ROS 2 and MAVROS for interfacing (Fig. 2).
The transfer of the control allocation matrix and learned
residual forces to ArduCopter uses a dedicated UART link
and Lua scripting on the Cube interfaces this stream to
the flight stack. A second Lua script is used to trigger
motor failures, taking inputs from either a ROS service call
or the R/C transmitter. The only change required to the
base ArduCopter 4.4 code was to allow setting the PID
feedforward terms via Lua scripting.

This architecture allows the computationally-costly algo-
rithms to be run on the NUC whilst still guaranteeing the
runtime performance of the flight stabilization loops. On the
NUC, the adaptation algorithm incorporates new measure-
ments in under 1 ms, fast enough to enable measurements to
be used as the raw sensor data is available. The computation
of the control actuation matrix and residual forces take
less than 11 ms, and resolving the control allocation matrix
takes less than 6 ms. While the adaptation loop is run at
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Fig. 3. Motor effectiveness estimate 7} without learned residual aerody-
namic forces following rear left outer failure during hover (left) and during
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Fig. 4. Onboard footage shows the extreme departure from the desired
attitude during outboard failures when NFFT is not running.

50 Hz, the control allocation matrix is updated at only 10 Hz,
the approximate limit of how quickly the Lua script can
accept and process data. The updated control allocation
matrix row for the failed motor is kept at the nominal
value to persistently excite the failure for the sparse failure
identification algorithm.

B. Experimental Performance

As discussed in Sec. III-B, although discrete ¢; -regularized
actuator effectiveness adaptation (23) with the simple model
of the unknown dynamics (7) is able to estimate reasonable
actuator effectiveness factors during hover, it breaks down
when the aircraft begins to maneuver and generate larger
aerodynamic forces (Fig. 3). To mitigate this issue, the pro-
posed NFFT controller (6) employs learned residual aerody-
namic force prediction through online composite adaptation
(26) and (27), in addition to the ¢;-regularized adaptation
and the control allocation algorithm (32) and (33).

The training dataset used for DAIML [1] to learn represen-
tation ¢ of the unmodeled aerodynamic effects was collected
during a 10-minute, manually flown flight along an arbitrary
trajectory with the baseline controller. Velocity, quaternion
attitude, and motor speed commands were collected at 50 Hz
and were used as the input states. Importantly, periods with
motor failures did not form part of the training dataset, nor
did direct measurement of the motor speeds. Control perfor-
mance was evaluated by analyzing the aircraft response after
an actuator failure during 7.5m/s forward flight tracking a
rectangular trajectory (Fig. 4).

Fig. 5(a) shows the motor effectiveness factor estimate
following a rear left outboard motor failure while tracking a
trajectory. The adaptation algorithm correctly identifies the
failed motor and estimates lowered effectiveness. Fig. 5(b)
shows how the proposed allocation algorithm quickly real-
locates actuator contributions among the remaining motors



(a)

NFFT Mid-Trajectory Failure Effectiveness Estimates

“= 0.50

-2 -1 0 1 2 3 4

Time (s)
b ) . ) )
(b) NFFT Mid-Trajectory Failure Control Allocation
5 2.0 1.3
= 5 101 e ——
gL B g os
z 10 - £ 0.0+
Er z -05
. € —-1.01
Foo0 T T T -15 T T T
-2 0 2 4 -2 0 2 4
Time (s) Time (s)
. 15 15
g 101 5 1.0 ) E———
G 05— | B 0.5 e
& 00/ & 0.0 1 ]
g -05 2z -05
£ -10] e # -10]
-15 T T T -1.5 T T T
-2 0 2 4 -2 0 2 4
Time (s) Time (s)

NFFT Mid-Trajectory Failure Residual Acceleration Estimation

0.0 31 —— Ground Truth

ZMﬁ*\&ﬁ{WM | % ﬂ QNFF.T
f “W’W’M EN \W e

0

ag [m/s?]

—1.0?
0 T T T w18

-2 [ 2 4 -
Time (s)

2 4 -2 0 2 4

Time (s) Time (s)

Fig. 5. Full NFFT adaptation and control allocation performance during
rear left outer moto failure while tracking a trajectory at ground speed
7.5m/s. The shaded areas show the failure region. (a) Motor effectiveness
7 estimate (b) Change in control allocation factors following the failure.
Each “factor” represents corresponding column of Angg. (c) ¢a estimate
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TABLE I
MAXIMUM/MEAN PEAK ATTITUDE ERRORS DURING FAILURES

Peak R Error Peak P Error Peak Y Error
Controller max mean max mean max mean
Inboard
Baseline | 4.75° 4.38° | 8.05° 7.79° | 8.55° 5.97°
Neural-Fly | 4.66° 4.37° | 7.80° 7.24° | 7.77° 6.63°
NFFT | 4.07° 3.98° | 6.89° 6.43° | 5.45° 5.24°
Omniscient | 2.46° 2.01° | 3.18° 2.74° | 2.01° 1.69°
Outboard
Baseline | 8.53° 8.37° | 9.64° 8.13° 14.95°  12.88°
Neural-Fly | 10.42°  9.92° 10.98° 9.51° | 21.13°  15.69°
NFFT | 8.22° 7.45° | 8.73° 7.38° | 7.75° 6.99°
Omniscient | 4.22° 3.57° | 3.80° 3.36° | 2.32° 1.91°

to maintain the original performance characteristics, reach-
ing steady state in 0.66 seconds. The online aerodynamic
residual force estimates f = ¢a, derived from the learning-
based adaptation algorithm (Fig. 5c) are applied directly
to the baseline PID position controller as feedforward to
supplement the integral term, which has a slower response
to unmodeled dynamics and time-varying disturbances.

Fig. 6 shows the aircraft attitude response following an
inboard and an outboard actuator failure at 7.5 m/s forward
flight, with errors averaged over four failure events for each
case. Table I shows the maximum and mean peak attitude
error for each case. The baseline ArduCopter response does
not include any adaptation algorithm and relies on the built-in
PID controller to stabilize the aircraft. The Neural-Fly con-
troller in (25) applies learned residual dynamics as position
control feedforward. The Neural-Fly controller, which relies
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Fig. 6. Baseline, Neural-Fly, NFFT, and failure-omniscient controller
attitude tracking performance. Solid curves show the mean tracking error
over four 5-second failure events during forward flight. The shaded areas
show standard deviation of the mean error.
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the experiment are represented in gray regions. (b) Data distribution from
the corresponding flights.

only on residual force adaptation, exhibits degraded attitude
tracking performance compared to the baseline when the
original control actuation matrix is significantly altered due
to the failure. On extreme failure cases such as outer motor
failures, NFFT on average reduces the peak attitude error
by 11%, 9%, and 46 %, for roll, pitch, and yaw axes,
respectively. NFFT also significantly reduces the recovery
time, with the exception of roll error during outer motor
failure. It is noteworthy that while the baseline and Neural-
Fly are unable to recover from the initial yaw deviation,
NFFT recovers to within 0.5° yaw error in just 1.86 seconds.
The failure-omniscient controller directly senses the motor
failure and uses the same control allocation algorithm as
NFFT to stabilize the system in real time. As such, it outper-
forms NFFT and can be considered an ideal system response
to a known motor failure via optimal control allocation.
The learned feedforward term leads to improvement in
aircraft position tracking performance under actuator failure
only when combined with the optimized control allocation
(Fig. 7(a), NFFT). If the motor failure is not accounted for,
the abrupt change in the system plant significantly degrades



the controller’s ability to track the desired position (Fig. 7(a),
Neural-Fly). Fig. 7(b) shows the 74 % increase in mean po-
sition tracking error compared to the baseline while running
Neural-Fly only, while the combined NFFT approach leads
to a 48 % reduction in the mean position error. NFFT yields
position tracking performance on par with that of the failure-
omniscient controller, despite the faster control reallocation
and attitude recovery (Fig. 6) due to perfect state information.
Such results demonstrates the advantage of introducing fault-
tolerant control scheme as an extension of Neural-Fly.

V. CONCLUSION

In this paper, we presented a new method for detecting
and compensating for motor failures in multirotor aircraft
without knowledge of the motor states. This method, coupled
with Neural-Fly, is able to simultaneously predict unmodeled
forces and motor failures, enabling precise tracking perfor-
mance even under significant plant changes and uncertainties.
Our proposed sparse failure identification method success-
fully isolates a failed motor within one second and correctly
reallocates actuator effort without any direct observation
of the motor. We also introduced the maximum-control-
authority allocation scheme which has shown significant
improvements over previous work, particularly in maximiz-
ing and maintaining control authority in the presence of
faults. Our research represents a significant step forward in
developing robust fault detection and compensation strategies
for aircraft, enabling ever-safer skies for tomorrow.
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