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Abstract

Incorporating main rotor-states like the tip-path-plane flapping angles into the flight control system of a rotorcraft
allows for enhanced handling and ride qualities as well as reduced pilot workload. Still, measuring rotor-states in
the rotating frame is cost-intensive and more complex than fixed-frame measurements. In this paper, an observer
is proposed to estimate the rotor mast bending moments using only fixed-frame measurements. Therefore, linear
models of the research rotorcraft ACT/FHS are identified from an extensive flight test campaign. On this basis, differ-
ent linear observers are designed and optimized using flight data. Two promising observers of different complexity
are then selected using a cross-validation. Finally, these observers are analyzed in the time and frequency domain

using a variety of different flight maneuvers like sweeps, stable forward flight and flight in turbulence.

NOTATION

ACT/FHS Active Control Technology / Flying Heli-
copter Simulator

ci confidence interval

cv cross-validation

DLR Deutsches Zentrum flr Luft- und Raum-

fahrt (German Aerospace Center)
ML Maximum Likelihood output error method

PBSIDopt  optimized Predictor-Based Subspace Iden-
tification (method)

A, B,C, D discrete-time state-space matrices

di, d; index of agreement, overall d;

Jave average frequency domain cost function

Jrns root mean square error

L observer gain matrix

me, Mg longitudinal and lateral rotor mast mo-
ments (in fixed-frame), Nm

Ny, Ny, Ny number of states, inputs, and outputs

N number of measurements

p.q.r roll, pitch and yaw rates, rad/s

T; data sets (for i € {train, test, 1,...,10})

u v, w aircraft-fixed airspeed components, m/s
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Uk, Xk, Yk discrete-time input, state and output vec-
tors at k-th time step

w,v process and measurement noise covari-
ance matrices (tuning parameters)

Ym .k measured output (index m)

Yo.k measured outputs used in update step of
observer (index o)

Zk performance output vector (rotor mast
moments)

Bic, Buis longitudinal and lateral tip-path-plane
flapping angle, rad

0x, Oy longitudinal and lateral cyclic controls, %

0p. 0o pedal and collective controls, %

¢, 0 roll and pitch attitude angles, rad

w angular frequency, 1/s

~ estimated quantities

‘MM rotor mast moment (used as index)

‘RB rigid body (used as index)

1. INTRODUCTION

Rotorcraft flight control systems benefit from incorporat-
ing main rotor-states into the feedback loops [1-3]. It
has been shown, that the usage of tip-path-plane flap-
ping angles in addition to the body rates and attitudes in
a flight control system leads to improved handling qual-
ities and ride quality as well as reduced pilot workload
especially in adverse weather conditions like turbulence
and gusts [4, 5]. In detail, rotor-state feedback provides
lead to fuselage feedback which can be used to enhance
disturbance rejection and stability margins. Flight tests
on the RASCAL JUH-60A aircraft showed improved Mis-
sion Task Elements performance applying implicit and
explicit rotor-state feedback, among others [6].

At the same time, flight controller development aims
at carefree maneuvering which requires accounting for
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main rotor loads and other structural limits. In [7, 8],
the main rotor-states are used to provide tactile cues to
avoid the exceedance of the main rotor moments. Fur-
thermore, redundant controls of compound helicopters
enable load alleviation in the flight control system with-
out degrading handling qualities [9]. Both rotor-state
feedback and load alleviation need accurate rotor-states,
i.e. tip-path-plane flapping angles or main rotor mo-
ments. Measuring these rotor-states in the rotating
frame is still difficult and/or cost-intensive, thus limit-
ing the before-mentioned benefits to large and/or mil-
itary rotorcraft. Replacing costly sensors by estimation
algorithms (i.e. observers) on the other hand would al-
low rotor-state feedback or rotor load alleviation also for
small production rotorcraft.

Different aspects of rotor-state estimation using only
measured rigid-body data have been covered in the liter-
ature. Two steady-state Kalman filters are designed in [1]
to estimate the rotor states from the fuselage pitch and
roll angles for a linear roll-pitch-horizontal velocity model
of the Sikorsky S-61 rotorcraft. A multiple regression
model was applied in [10] to predict main rotor blade
bending and pushrod vibratory loads from the control in-
puts, angular rates, forward velocity and the normal load
factor. This work was extended to estimate helicopter
component loads in the rotating system to determine fa-
tigue in [11] and [12]. A Kalman filter was designed in [7]
to predict and then limit the main rotor hub moments
using a force-feel system for a UH-60A GENHEL simu-
lation. A linearized state-space model of the nonlinear
simulation was applied as system model. Varying flight
conditions are accounted for by using a neural network
in [8]. Tip-path-plane flapping angle sensor faults on the
RASCAL UH-60 were mitigated by Kalman filter estimates
based on a linearized FORECAST model of the UH-60 in
[13]. These estimates are subsequently used in a rotor-
state feedback flight control system. In [14] rotor loads
of the AW609 are predicted by a neural network using
measurements from the fixed and rotating frame. Flight
test data have only been evaluated in very few of these
publications. Apart from neural network predictors, lin-
earized models have been used for an estimator design.

This paper focuses on a data-driven observer design to
estimate the rotor mast moments in the fixed rotorcraft
frame using rigid-body measurements only. Flight test
data of the ACT/FHS (Active Control Technology / Flying
Helicopter Simulator) research helicopter are used for
this evaluation. The ACT/FHS, its flight test instrumen-
tation including a rotor measurement system as well as
the extensive flight test campaign are described in de-
tail. Then, the system identification process of a linear
physics-based model and six black-box state-space mod-
els is described and evaluated. The identified models
of different complexity are compared in detail. Subse-
quently, the observer design is outlined. The observer
structure and the data-driven tuning process are ex-
plained. Two promising observers are selected via cross-
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validation using independent data sets. The chosen ob-
servers are analyzed in the time and frequency domain
and their ability to replace a rotor measurement system
is discussed. The paper finishes with conclusions and an
outlook for future work.

2. EXPERIMENTAL SETUP

2.1. The ACT/FHS Research Rotorcraft

The ACT/FHS (Active Control Technology / Flying Heli-
copter Simulator), as shown in figure 1, is the main air-
craft for rotorcraft research at DLR. It is a twin-engine he-
licopter with fenestron and bearingless main rotor and
has a maximum takeoff weight of about 2.9 t.

Figure 1: DLR's research rotorcraft ACT/FHS

The ACT/FHS is based on an Airbus Helicopters H135, but
is highly modified. Its mechanical controls are replaced
and then upgraded by a full-authority fly-by-wire/fly-
by-light control system which allows for experimental
flight controls. Thus, the dynamics of the ACT/FHS
are not directly comparable to data from a production
H135 rotorcraft. The ACT/FHS is equipped with various
high fidelity sensors like a noseboom, two differential
GPS/SBAS receivers, flight test instrumentation and in-
ertial measurement systems. Furthermore, this sensor
suite was completed by a main rotor measurement sys-
tem in 2018/2019.

Currently, the main rotor measurement system provides,
among others, rotor azimuth and main rotor mast bend-
ing moments. In figure 2 the sensor signal processor sys-
tem of the rotor measurement system installed into the
rotor head of ACT/FHS is depicted. Data transmissions
between the rotating and non-rotating frame is handled
by telemetry using HF antennas. Rotor blade flapping sig-
nals are currently not measured as the blades have not
been instrumented yet.
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Figure 2: Sensor signal processor system of ACT/FHS's rotor
measurement system

2.2. Flight Test Data

Dedicated flight tests with the ACT/FHS equipped with
the rotor measurement system for system identification
and model validation were conducted in summer 2019.
These flight tests consist of at least three manually flown
frequency sweeps with increasing frequency up to about
2 Hz for each control input at 60 knots forward flight.
During the frequency sweeps, a flight state near the ref-
erence trim condition was maintained by applying uncor-
related, pulse-type inputs to the secondary controls only.
In this way, cross-correlation between the four control in-
puts are minimized. In addition, manual 3211-multistep
and step input maneuvers have been recorded at the
same flight condition for model validation purposes.

For the studies of this paper, eight frequency sweeps at
60 knots have been selected from the system identifi-
cation maneuvers and eight 3211-multistep maneuvers
have been chosen for model validation. Additional flight
tests covering standard procedures in the whole enve-
lope and flight in turbulent air conditions (also used for
turbulence modeling in [15]) are used for observer tun-
ing and validation.

2.3. Flight Path Reconstruction and Data Pre-
Processing

A post-flight flight path reconstruction consisting of two
unscented Kalman filters estimates the rotatory and
translatory states of the rotorcraft's center of gravity
w.r.t. the local wind from raw sensor data. Both un-
scented Kalman filters and the used sensors are de-
scribed in detail in [16]. Subsequently, the estimated
states are smoothed without additional phase delay by
two separate unscented Rauch-Tung-Striebel smoothers
as described in [17].

Additional measurement data like the helicopter controls
and rotor mast bending moments are notincluded in the
flight path reconstruction, but are provided with a syn-
chronized sampling time. The main rotor mast bending
moments in the rotating frame, m, and m,, are trans-

Presented at the 47th European Rotorcraft Forum, United Kingdom, 7-9th September, 2021.

formed into the non-rotating frame using the rotor az-
imuth ¥

T
(1a)  mc = m, - cos () + my - cos (1/) + 5)

my - sin (¢¥) + my - sin (z/J—I- g)

(1b)  ms

which yields the corresponding rotor mast moments m.
around the rotorcraft's pitch axis and ms around the roll
axis. Since the maximum frequency of interest is about
35 rad/s, all data is down-sampled to 40 ms which pro-
vides a Nyquist frequency twice as high. The reduced
sampling time is beneficial to lower the computational
costs for system identification and observer design. The
rotor mast moments m. and mg are low-pass-filtered to
suppress the 1/rev harmonic in the signals.

3. SYSTEM IDENTIFICATION

Two established system identification methods, namely
the Maximum Likelihood (ML) output error method in the
frequency domain and the optimized predictor-based
subspace identification method (PBSIDopt) are applied
to identify models from the processed flight test data.
The desired models for the observer design are linear
discrete-time state-space models with inputs u, € R™,
outputs y, € R, and states x, € R™ of form

Xk+1 = Axy + Buy

(2)

Y = Cxx + Duy
and the number of inputs n,, outputs n,, and states,
i.e. model order ny. A finite number of data points
k=1...Nisavailable.

A comparison of the used system identification methods
is found in [18], the next subsections give a brief descrip-
tion of both methods and the identified models.

3.1. Physics-based model identification

To be able to model the rotor mast bending moments
m. and ms, an identification model structure is needed
that accounts for the coupled fuselage/rotor flapping dy-
namics as described in Ch. 15 of [19]. Such a model con-
sists of the 6-DoF equations of the rigid body enhanced
by two first order equations for the longitudinal and lat-
eral flapping angles B1. and B1s describing the motion of
the tip-path plane of the rotor.

The input variables of such a model are the four pilot
controls. The state vector consists of the airspeed com-
ponents u, v, w, the angular rates p, g, r, the attitude
angles ¢, 9, and the flapping angles. The output vector
consists of the rigid-body states, the linear accelerations
ax, ay, a,, the angular accelerations p, g, g, and the rotor
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mast moments.
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The mast moments are directly proportional to the flap-
ping angles for physical reasons and thus can be used in-
stead of the flap angle measurements. This proportion-
ality has been illustrated in [20] with measurements from
the Bo 105 helicopter.

me = fcﬁlc
ms = fsﬁls

In the standard formulation from [19], the rotor equa-
tions consider the flapping response to angular shaft mo-
tion only, whereas the flapping response to translation
and the resulting rotor contributions to the forces and
moments on the fuselage are contained in the quasi-
steady speed derivatives.

Using mast moments as output variables showed that
also the flapping response to collective control and to
translation has to be incorporated in the flapping angle
equations to be able to correctly match the mast mo-
ments with equation (4). Thus the standard formulation
was modified so that

+ the quasi-steady cross-axis collective control deriva-
tives Xs,, Ys,, Ls,» Ms, were replaced by the corre-
sponding control derivatives Lfs, and Mfs, in the flap-
ping equations and

+ the derivatives Lf,, Lf,, Mf, and Mf, were intro-
duced to model the flapping response to translation.

The final equations after a model reduction to remove
insignificant derivatives are

o= Xyu+ Xyw—woq+ (X, + v)r+ gBic
+ X5,.0x + X5,0, + X5,0, — g cos6q0

v=Y,v+wp— tpr — gbis + Y5,9,
~+ g cos ¢g cosBgp — gsin ¢g sin 66

W=2Z,u+Zyw+(Zp— vo)p+ Uoq+ Zs,0x
+ Zs5,00 — g sin ¢ cos 8y — g cos ¢g sin 60

p=L.r+ Lg, Bis

4= M,r+ Mg, B1c + Ms,0,

= Nyu+ Nyv+ Nop+ Ngg+ N.r+ Ns by
+ Ng, 6, + Ng, 00 + N5, 0,

¢ = p+sin gy tan Byq + cos ¢ tan Bor

6 = cos¢oq — sindor

(5)
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for the rigid body and

TiBic = —Pic + Mfs, Bis + Trq + Mf,v
+ Mfs,6, + Mf;, 6, + Mfs, 5

T¢B1s = —Pis + Lfp, Prc + T¢p + L v + L, w
+ Lfs, 05 + Lf5,0, + Lf5,00

(6)

for the flapping angles where 7+ denotes the flapping
time constant. Time delays are estimated for all control
inputs.

The ML frequency domain system identification is per-
formed using a frequency range of 0.5-15 rad/s. The
identification with the ML method yields continuous
state-space models. As the derivation of the rotor-
state observer needs discrete-time models, the identified
models are converted into discrete form using a zero-
order hold transformation.

3.2. Predictor-Based Subspace Identification

In contrast to physics-based model identification ap-
proaches, the PBSIDopt method yields black-box state
space models, i.e. the resulting models have fully popu-
lated system matrices and non-physical states. Nonethe-
less, the PBSIDopt method has been successfully applied
to ACT/FHS data and has shown very good model perfor-
mance and applicability, see [21-25].

The following steps are performed within the PBSIDopt
procedure:

1. A high-order vector-ARX model (AutoRegressive
model with eXogenous input) is estimated solving a
regularized linear least-squares problem.

2. Thediscrete model states are reconstructed from the
ARX parameters and a singular value decomposition.

3. Thediscrete-time state-space matrices are estimated
in a least-squares sense comprising the measured in-
puts, outputs and reconstructed states.

The PBSIDopt method was introduced and described in
[26-28].

Analog to the physics-based model identification, the in-
put vector for the PBSIDopt models consists of the four
pilot controls. The airspeed components, the angular
rates, the two attitude angles, and the rotor mast mo-
ments are chosen as model outputs

- ue=(6x 0, & &)
=W v wopagr ¢ 6 m m)

The PBSIDopt method does not require initial model pa-
rameters or a model structure, but three integer param-
eter p (past window length), £ (future window length) and
ny (the model order) have to be chosen. For this paper,
nearly 18 000 models are identified varying the three pa-
rametersin an automatic procedure. Four different mod-
els with the model order n, of 8, 10, 12 and 14 are then
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selected from these models using the selection criterion
described in [24]. Basically, the best models w.r.t. the
overall index of agreement d; (for details, see the next
subsection) are considered, if they satisfy a specific as-
sumption of the PBSIDopt method.

In figure 3, the distribution of the overall index of agree-
ment d; of the mast moments is shown as function of the
model order n,. The median of d, is depicted as a black
solid line, whereas the minimum and maximum are indi-
cated as black dots. The area between the first and third
quartile (Q1 and Q3) is given in shaded gray. The d; of
the selected models are marked with crosses. It can be
seen, that the models with nearly the highest d, are cho-
sen for further analysis.

| median ---ococoe- min/max Q, -Q, |
0.8 T T T r :
USIIOI T LR
AA"X. ..... ﬂ
07 / ]
-O ...'- ............
0.6 . . . : L

8 10 12 14 16 18 20
model order n, (-)

Figure 3: Distribution of overall index of agreement d, for all
models w.r.t. to the model order ny

In addition to the full models described in equation (7),
reduced “cyclic” models are identified. These models use
the two cyclic controls as inputs and the roll and pitch
rates as well as the rotor mast moments m. and ms as
outputs only:

Uk cyclic = (6X 6}/)7—

Yk.cyclic = (p q mec mS)T .

(8)

Thus, the “cyclic” models cover the main axes of the ro-
tor mast moments and neglect the off-axes completely.
In consequence, only a subset of the flight test data (only
those with cyclic control excitation) are used to iden-
tify and validate these models. For further analysis, two
“cyclic” models are selected with model order n, of 8 and
10.

3.3. Model Comparison

All models are compared applying performance mea-
sures both in the time and frequency domain. In the time
domain, the models are compared using eight manual
3211-multistep maneuvers. For each model and maneu-
ver an output offset yy and initial model states x; are es-
timated to minimize the output error. This procedure is
limited to the eight most significant model states to avoid
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favoring high-order models. The algorithm used for esti-
mating yo and xg is described in detail in [24].
The most common performance measure for rotor-

craft models validated in time domain is the root mean
squared fit error Jymg

N

Z (ym,k - yk)T (ym,k - yk)

k=1

1
N-n,

9) ers =

between the measurements y, x and the simulation out-
puts yx. As proposed in Ch. 14 of [19], the velocities are
scaled to ft/s while angular rates and attitudes are trans-
formed to deg/s and deg respectively.

In addition, the index of agreement d; is used as a di-
mensionless performance criterion, see [29]. The index
of agreement is normalized between 0 and 1 and, since
it is dimensionless, it is neither affected by output scal-
ing (i.e. physical units) nor the perturbation magnitude.
Thus, the index of agreement is an excellent measure to
compare different model outputs with diverse units. The
index of agreement d; of one output is defined as

N
> et [Ymk — Yl
N — —
Y et Yk = Yl + vk = Viml)

(10) d1=1-

with the mean of the corresponding measurement y,,,.
d; = 1 indicates a perfect match. The overall index of
agreement comprising several outputs is calculated by
their geometric mean respectively

Ny

an  dy =)

i=1

Remark: The geometric mean is multiplicative and the
overall index of agreement d; becomes zero, if only one
d1,; is zero, i.e. one model output has poor performance.

Additionally, the coherence-weighted frequency domain
cost function Js as used in CIFER® and described in Ch. 11
of [19] is used. In this paper, the cost functions Js; are
evaluated for a frequency range of 0.3-20 rad/s. The
overall cost function J,. is given as the average of nve
individual frequency domain cost functions

1
12)  Jaye = — Js i
( ) ave nte ; f.i

Jave is well suited to evaluate the model accuracy in the
frequency domain.

In table 1, the described model performance measures
are specified for the identified models. In the first
columns, the number of inputs n,, output n,, and states
ny are given. Please note, that the “cyclic” models only
contain a subset of model inputs and outputs. Therefore,
the corresponding model metrics are not directly com-
parable to the other model's. The model performance
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Table 1: Performance measures of identified models

model name ny ny Ny ers,RB -/rms,Ml\/I dl,RB dl,l\/IM Jave,RB -/ave,l\/IM
n8cycl 2 4 8 2.32 301.2 0.876 0.733 195.9 2471
n10cycl 2 4 10 2.25 233.4 0.884 0.762 86.1 85.5
n8full 4 10 8 2.46 202.3 0.817 0.699 242.4 467.8
n10full 4 10 10 2.45 1741 0.825 0.748 191.0 90.3
n12full 4 10 12 2.55 169.5 0.827 0.757 194.2 71.1
n14full 4 10 14 1.98 166.9 0.845 0.766 219.8 77.0
n10phy 4 10 10 2.02 254.6 0.829 0.644 134.2 388.1

| meas n8full n10full ni2full ni4full n10phy — — —n8cycl — — — n10cycl
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g 2 4w
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3 "‘\wﬂ]‘ S 30

g 40 ! E

© © 20

= =
30 10
180 T T 180

©
=
\

90 F

Phase (deg)
o

100 10!

w (rad/s)

(a) longitudinal cyclic 6x to mc (on-axis)

[{e]
o
T

()y:r

©
=)

Phase (deg)
(=)
T

-180

o
o =
T

1

Coh (-)

10°
w (rad/s)

10"

—_
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Figure 4: Transfer functions of identified models in comparison to measured frequency response

measures are separated into a rigid-body measure (in-
dex gg With the units described before) and a rotor mast
moment measure (index ym, evaluated in Nm).

The best time domain performance measures are ob-
served using the n14full model. Since the used PBSIDopt
method works in the time domain, this result is not sur-
prising. Nonetheless, the differences regarding the time-
domain measures are small, especially looking at the
rigid-body outputs only (Jims,re @nd di rg). The physi-
cal model n10phy shows a very good rigid-body output
rms error Jyms rB, bUt is outperformed by the rotor mast
moment measure of the other (full) models.

The models n10full, n12full and n14full result in very sim-
ilar frequency domain costs J,,.. Nonetheless, n12full is
slightly better than n14full. The physical model n10phy
shows similar results as in the time domain: the rigid-
body outputs are accurately modeled, but the rotor mast
moments still show deficits. Since the physical model
n10phy covers additional rigid body outputs compared
to the black-box PBSIDopt models, this is not surpris-
ingly. Furthermore, n10phy only offers 39 free param-

Presented at the 47th European Rotorcraft Forum, United Kingdom, 7-9th September, 2021.

eters based on the chosen model structure, whereas the
PBSIDopt model n10full has 158 free parameters.

In figure 4 the on-axis responses of all models from lon-
gitudinal cyclic input to m, (pitch) and the corresponding
off-axis responses from §, to mg (roll) are shown. The
measured frequency response generated from sweep
data is shown in black (“meas”). All models, except for
n&full, match the on-axis frequency response in the fre-
quency range of 1-10 rad/s precisely. The off-axis re-
sponse is captured accurately by all models, except n8full
and n10phy.

In summary, all identified models have pros and cons re-
garding the different performance measures. From the
values given in table 1, it would be difficult to choose
the most appropriate model for observer design. So,
all models are used in the next section to design an ob-
server for rotor mast moment estimation and based on
the corresponding observer performance the final ob-
server model is chosen.
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4. OBSERVER DESIGN

The goal of this paper is to design an observer that ac-
curately estimates the rotor mast moments m. and ms
based on measurements of the pilot controls and the
rigid-body states only. The observer design process is
separated into three steps.

1. Asteady-state Kalman filter forms the core of the de-
sign. It provides a simple yet tunable parametrization
of the observer gain that is guaranteed to yield stable
observer dynamics.

2. The second step is the data-driven optimization.
Classical Kalman filter design offers the opportunity
to account for knowledge about model deficiencies.
However, itis usually difficult to determine and quan-
tify those inaccuracies. This is especially true in the
case of non-physical process models. The observer
gain is hence tuned using flight test data directly.

3. In order to investigate which observer configura-
tion is expected to achieve the best performance, a
cross-validation procedure is conducted on a care-
fully compiled data set covering the most commonly
encountered flight conditions.

The next subsections elucidates the observer structure
including the optimization parameters, data selection
and the cross-validation process to select the designed
observer.

4.1. Observer Structure

An observer is essentially a copy of the system aug-
mented by a correction term that adapts the state predic-
tions in case of errors between measured and predicted
quantities. This error enters into the state equations by
multiplication with the observer gain matrix L. A conve-
nient way to design this gain is to apply Kalman filter the-
ory. Typically, it is assumed that the state equations are
disturbed by a zero-mean white process noise wy with
covariance matrix W and that the output equation is dis-
turbed by a zero-mean white measurement noise v with
covariance matrix V. However, for the remainder of this
paper, these matrices are considered merely as tuning
parameters rather than covariance matrices related to a
stochastic process describing potential model deficien-
cies.

The observer design model reads as follows

Xk+1 = AXxi + Bug + wy

(13) Yok = Cixxk + Diuy + vi
z = Coxi + Douy,
where
we=(6x 6, &, &)
14 (O & 9 %)

Yok=w p q r ¢ 6)

for the physics-based and the regular (full) PBSIDopt
models. Only the following subset of inputs and outputs
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are used for the reduced “cyclic” PBSIDopt models
T
u, = (5x 6y)

(15)
Yox = (p a)".

The performance output vector (which is estimated) is
formed by the rotor mast moments

(16)  zx = (mc mS)T_

C,, Gy, Dy, D, are defined by the corresponding rows of
C and D, respectively. The longitudinal and lateral ve-
locity components u and v are omitted from the estima-
tion, since the data only consists of forward flight ma-
neuvers at 60 knots. For all models considered, (A, C1)
is observable. In summary, only control inputs and the
measured outputs y,  are used to estimate the selected
performance outputs z.

The Kalman filter equations consist of two parts, a cor-
rection and a prediction step. First, the state estimate
from the previous step Xx_1 is updated (corrected) by
adding the weighted estimation error

(17) Rk = K1 + L Yok — CrRujk—1 — Dru) .

The updated state X, is then used to predict the system
dynamics one step ahead in time

Xiy1lk = AXk + Bug, % =0

(18) Yok = CiXy + Druy

2k = CoXyi + Do
By design, the observer gain L is given by
(19) L=PC] (C,PC] +V) ",

where the matrix P is positive definite and the solution
to the discrete-time algebraic Riccati equation

oo P =APAT - APCT (CPCT + V)"t (apcT)’
+w’.

Hence, L is parameterized by the matrices W and V. If
they are both positive definite, then the observer dynam-
ics are guaranteed to be stable [30]. Hence, to ensure
stability, W is assumed to be given as W = SST with
an invertible, triangular matrix S and V is assumed to be
diagonal with positive entries.

The benefit of this approach is, that the observer per-
formance can be optimized in a straight-forward man-
ner based on recorded reference data. To that end, the
quadratic cost function

N
1) W, V)= llze — Zeul?
k=0

is introduced. It measures the error between recorded
and estimated rotor mast moments for a given flight test
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of N + 1 samples and for each pair of (positive definite)
tuning matrices (W, V). This is a sum-of-squares prob-
lem, that can be efficiently solved by a gradient-based
solver (e.g. MATLAB's 1sqnonlin) when combined with a
multi-start strategy [31]. The optimization variables are
the entries of W and V, respectively. In the following,
two cases are distinguished:

+ Case 1 assumes that S is diagonal (“diag”) and thus
W is also diagonal.

+ Case 2 assumes that S is upper triangular (“tria”) and
thus W is dense (fully populated).

4.2. Data Selection and Cross-Validation

This paper focuses on forward flight conditions at 60
knots. The overall duration of the available data is about
one hour. The data is partitioned into three sets, as de-
picted in figure 5:

+ The training set Ty, contains all data that is used
when minimizing equation (21). It comprises step
and 3211-multistep inputs for each axis as well as
segments of calm and turbulent flights of variable
length with a total duration of 15 minutes.

* The test set Tiest1 CoOntains similar maneuvers as
Tirain, but with a larger amount of routine flight data
and an accumulated duration of about only 10 min-
utes. This set is used for discrete optimization over
the initial values of the multi-start optimizer.

* The test set Tiest2 CONtains sweep maneuvers for
each axis and additional flight data in calm and tur-
bulent atmosphere. This set is irrelevant within the
observer optimization process and is used for valida-
tion purposes in section 5 only. Its total duration is
about 35 minutes.

[ all available flight test data at 60 knots (~ 1 h) ]

U U

e N
. T T
T... (~ 15min test,l. test,2
L tran ) ) [(N 10min) | | (~ 35min)
Ti|T2| T3 To|T1o| Tirain\T1 ~__ |’§ g §
Ti|T2| T3 To[Tio| Ttrain\T2 ~__ :§ TE I
R : 5 5 g
. . . o ¥ d
Tl |T2|T3 | . |T9 |T10 7_train\T10 / '\8_9_ ’81

Figure 5: Flight test data partition and cross-validation scheme

Seven system models and two structural choices for W
are available resulting in a total number of fourteen ob-
server design configurations. A tenfold cross-validation
is employed to determine the observer design structure
with the best predictive capabilities. For that purpose,
the training set T4,.,i, is manually partitioned into ten sub-
sets Ty, ..., T1o of 90 seconds duration each. Care was
taken, that each subset contains various maneuvers ex-
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citing all axes sufficiently. The cross-validation process
for each observer configuration consists of ten runs. In
each run, another subset is excluded from T, for the
optimization of the observer gain and is instead used for
validation. Each run is repeated 100 times for different
initial values of W and V' as a multi-start strategy. The
cross-validation performance for each subset is calcu-
lated as the mean value over the best 10 repetitions. The
cross-validation (cv) results are visualized in figure 6 for
the observer designs under scrutiny. For each identified
model, the cv errors of each run, the respective means
and 95 % confidence intervals (ci) are depicted for both
structures of W (“diag"” and “tria”) side by side.

! X" &v performance for each run ' o
§ 0.9 LD mean and 95% ci for "diag" .
= ®  mean and 95% ci for "tria" X
g08r X
S §§ X
=0.7r X 1
§ X
o 06 X .
S S
505 X x TR
pe)
S04y .
ko] X
o3k % x|
Bosp X A 2
ol ool X X XX |
z; . XX X X X
0.1 1 1 1 1 1 1 1
3\ ~\C} \\‘r\\ @\ \3\ \\‘:\\ o
O O 09 Q v ™ L
& ((\Q ® & X S

Figure 6: Cross-validation results for different observer design
configurations

In general, the results follow a similar trend as the model
validation measures Jimsmmv and di mm in section 3.3.
This is comprehensible, since the observer estimation
error from equation (21) is comparable to Jymsmm al-
beit the observers are evaluated on a much larger data
set. At the same time, the rigid-body error measures
do not seem to have a major impact on the expectable
observer performance. The best observer performance
can be expected from the higher-order PBSIDopt mod-
els n10full, n12full and n14full since they attain not only
the lowest error mean values but also exhibit the least
variance in their estimates meaning that they are sup-
posed to deliver their average performance more con-
sistently. Somewhat surprising is the fact that even the
reduced “cyclic” models outperform the physics-based
model n10phy. This fact and the low model performance
regarding the rotor mast moments indicates that the
model structure imposed by physical modeling could be
too restrictive and might not be able to capture rotor
states as well as the off-axis responses well enough.

In conclusion, the impact of different structures of W
is rather minor. More tuning parameters usually yield
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(slightly) improved prediction results. However, espe-
cially for the full PBSIDopt models the benefits are only
marginal. This might be due to the fact that those mod-
els already perform quite well and, hence, the observer
already acts quite optimal when tuned with a diagonal
W. Another reason could be that it is less likely to find a
good local optimum for the observer when having such
many tuning parameters.

According to figure 6, no additional benefit can be seen
in increasing the model complexity beyond 12 states as
the mean and ci for n14full become slightly worse. There-
fore, for the following investigations, the model n12full is
selected for the observer design together with a dense,
positive definite W (“tria”). This observer configuration
is optimized on the complete set Ty, for 1000 differ-
ent initial values of W and V. The resulting observers
are then validated on Tiest,1 and the best performing one
is selected. For comparison purposes, the cyclic model
n10cycl with dense W is optimized in the same way.

5. RESULTS

5.1. Time Domain Evaluation

Figure 7a shows the measured and estimated rotor mast
moments for a section of forward flight in moderate tur-
bulence rated with level 6 using the Turbulent Air Scale
[32] (“Medium bumps with occasional heavy ones”). In
general, the performance of both observers is very good
despite turbulent excitation of the rotorcraft. The esti-
mated rotor mast moments do not suffer from notewor-
thy time delays and the short-term behavior seems ade-
quate. In detail, both observers exhibit comparable lat-
eral mast moment (m;) estimates, while the less complex
n10cycl model performs slightly better for the longitudi-
nal axis (m.) from second four onwards. This can be con-
firmed by computing the prediction error in equation (21)
which is about 22% lower for the n10cycl observer. Thus,
there are examples, especially flights with negligible col-
lective inputs, where the reduced observer n10cycl per-
forms better although the n12full observer has a better
average performance.

The measured and estimated mast moments during a co-
ordinated turn are compared in figure 7b. The measured
rotor mast moments are accurately reproduced during
the first 20 seconds of the run. Then, the estimated longi-
tudinal mast moments m. slowly diverge from the mea-
surements when the rotorcraft starts to turn. During the
turn, headwind becomes crosswind which is then com-
pensated by roll angle and lateral cyclic as well as pedal
inputs. In an analogous manner, forward (air-) speed is
reduced, longitudinal cyclic input and pitch angle are ad-
justed. Hence, this maneuver violates the near-trim as-
sumption and therefore cannot be covered by the ob-
server unless changing trim conditions are accounted for
in its design. Still, the mid- and high-frequency compo-
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nents of the estimated rotor mast moments match the
measurements. The frequency domain evaluation in the
next subsection gives more details.

5.2. Frequency Domain Evaluation

The plots in figure 8 show frequency responses from the
measured rotor mast moments z; to the corresponding
observations Z; fori = 1... 2, whichis also known as the
error response function

2 (w)

(22) z’_(w),lzl...z

€ (w) =

The error response functions ¢; (w) are calculated for all
data in the set Tiest.2. Every run has a duration of 100 to
120 seconds. The total duration is about 35 minutes. The
different colors visualize on-axis maneuvers (i.e. pitch
or roll axis sweeps respectively), collective sweep ma-
neuvers and all remaining maneuvers (i.e. calm forward
flight, turbulent flight and pedal sweeps).

An error response function with 0 dB magnitude and
0 deg phase implies an ideal match between measure-
ment and estimation and thus, a perfect observer. For
illustration purposes, the phase plots of a 10 ms, 25 ms
and 50 ms time delay are shown.

Since frequency responses are only meaningful where
the coherence is high enough, the color of the error re-
sponse plots fades out when the coherence gets worse
(i.e. the color becomes up to 50% lighter till the coher-
ence reaches 0.55). This mainly affects the forward flight
data in calm and turbulent atmosphere as well as pedal
inputs which hardly excite the mast moments. Further-
more, the low frequencies are often faded out due to low
coherence. In general, the other sweep data have high
coherence between 0.4 and 30 rad/s indicated by fully
saturated color.

In all cases, the estimated on-axis responses match the
reference data accurately over a large frequency range
from 1 to 30 rad/s. Nonetheless, the low-frequency re-
sponses suffer from trim deviation as described before
or are faded out, since coherence is low. The most ap-
parent difference between both observers is their per-
formance w.r.t. collective sweeps. Here, the reduced
n10cycl observer mostly underestimates the magnitude,
whereas the n12full observer nearly reaches on-axis per-
formance. Therefore, the inclusion of the collective input
in the n12full model clearly pays off and leads to much
smaller estimation errors, especially in the pitch axis. Re-
garding the other flight data, both observers tend to un-
derestimate rather than overestimate the signal magni-
tudes for mid and high frequencies. In most cases, the
2 dB magnitude (about 25% overshoot) line is not ex-
ceeded, but up to 40% underestimation (about -4 dB) can
be observed for frequencies between 1 and 20 rad/s.

The phase delay of both observers is less than 10 ms
for the on-axis sweep data. Collective sweep data pro-
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Figure 7: Time domain comparison of measured and estimated rotor mast moments
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cessed by the full observer n12full only shows a small dif-
ference to the on-axis behavior between 1 and 14 rad/s.
At larger frequencies, a phase delay of up to 25 ms can
be observed. Some of the other flight test data suffer
from larger phase delays up to 50 ms, especially for tur-
bulent flight conditions. In general, the longitudinal mast
moment has a smaller phase delay than the lateral mast
moment.

6. CONCLUSIONS AND FUTURE WORK

Observers can be a cost-effective alternative for non-
standard sensors like rotor measurement devices. This
paper demonstrates how the observer tuning problem
can be approached in practice such that the designed ob-
server captures the sensor behavior suitably well. To that
end, various system models have been identified and
evaluated w.r.t. their expected observer performance
using a cross-validation procedure. The tuning process
itself is carried out by direct optimization of recorded ref-
erence flight test data and thus ensures good predictions
under real flight conditions.

The following conclusions are drawn from this work:

1. The main rotor mast moment dynamics can already
be captured by reduced “cyclic” black-box models.

2. More complex rotorcraft models yield improved re-
sults regarding maneuvers with significant collective
inputs.

3. A good system model is key to peak observer perfor-
mance. Balancing the rigid-body and the rotor mast
moment model performance is essential.

4. The rotor mast moment prediction errors of the ap-
plied system models seem to be a good indicator
for the expectable observer performance. The better
system models used for observer design perform (in
terms of model validation measures), more degrees
of freedom for observer tuning do not yield perfor-
mance benefits.

5. Optimization-based tuning allows to adapt observer
performance also for non-physical black-box models
which are hard to tune manually.

6. Data-driven observer tuning is an effective way to
adapt the observer estimates to reference data.

7. The tuned observers also exhibit good frequency re-
sponse characteristics although not specifically ac-
counted for during optimization.

8. The observer phase delay is less then 10 ms for on-
axis sweeps, but can reach up to 50 ms for high fre-
quencies regarding other flight test data.

Future work will cover the application of the designed
observers. Furthermore, the presented observer design
approach needs to be extended to the full flight enve-
lope. It is clear that the presented approach can be ap-
plied without modification to any other forward flight ve-
locity as long as appropriate models and suitable flight
test data are available. The challenge will be to predict
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the offset/trim value changes occurring during dynamic
maneuvers such as acceleration and deceleration as well
as changing wind conditions. A possible concept might
include an additional low-frequency observer based on
trim curve information enhancing the presented mid-
frequency observer by reasonable offset or trim value
estimates.
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