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ABSTRACT

Classic rotorcraft parameter identification techniques estimate the unknown parameters by minimizing the mismatch
between simulation model predictions and observed data. Various types of data can be used for this purpose, including
local linear approximations of the system (e.g., in the form of frequency responses or state-space models), time series
of input and output variables, and the states and inputs of the aircraft at trim. Current parameter identification methods
essentially consider only one type of information at a time. This paper proposes a novel method that exploits all three
types of information simultaneously, by embedding them in a multi-objective optimization framework. Although there
are no examples of this approach in the aerospace literature, it is theoretically grounded in regularization theory and
has been successfully applied to other fields of engineering. A detailed description of the method’s implementation
for rotorcraft parameter identification is provided. Preliminary results are presented for the identification of physical
parameters in a nonlinear helicopter model, using a bi-objective approach that incorporates time-series and trim data.

INTRODUCTION

Simulation models are increasingly employed in a wide range
of activities throughout the life cycle of an aircraft, from ini-
tial design and control laws development to certification and
pilot training. In the case of helicopters and VTOL aircraft,
achieving the required level of accuracy for these applications
is especially challenging: on the one hand, nonlinear, high-
order models are often necessary to correctly represent the
nonlinear, high-order vehicle dynamics; on the other hand,
prior knowledge of key model parameters is often limited or
unavailable due to the complex physical phenomena involved
(Refs. 1,2). Parameter identification offers a powerful tool
to support model development and update, as it provides es-
timates of the unknown parameters based on measured input-
output data.

Classic aircraft parameter identification techniques use a pre-
diction error approach (Fig. 1), i.e., estimate the unknown
parameters by minimizing the mismatch between model pre-
diction and observed data, when both the model and the actual
system are excited by the same inputs (Refs. 3,4). Different
types of data can be used for this purpose, each with its own
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advantages and disadvantages; these include:

* Local linear approximations of the system - for example,
in the form of frequency response curves or state-space
models

* Time series of input and output variables

« States and inputs of the aircraft at trim

As will be explained in the next section, current methods es-
sentially consider one type of information at a time.

This paper proposes a novel aircraft parameter identification
method that exploits all three types of information simultane-
ously, by embedding them in a multi-objective optimization
framework. Although there are no examples of this approach
in the aerospace literature, it is theoretically grounded in reg-
ularization theory and has been successfully applied to other
fields of engineering. The preliminary results presented at the
end of this paper suggest that it can also be beneficial for the
identification of nonlinear rotorcraft models.

The next two sections review state-of-the-art techniques for
the parameter identification of nonlinear rotorcraft models, as
well as the the theoretical foundations of the proposed method
and its existing applications to other engineering domains. A
detailed description of the method’s implementation for ro-
torcraft parameter identification is then provided. Prelimi-
nary results are presented for the parameter identification of
a physics-based helicopter model, using only time series and
trim data (local linear models will be implemented at a later
stage); the results are compared to those produced by a clas-
sical time-domain method. The paper concludes with a sum-



mary of findings and a discussion of future developments and
potential applications.

PARAMETER IDENTIFICATION OF
NONLINEAR ROTORCRAFT MODELS

Most techniques for aircraft parameter identification (Refs. 5—
) belong to the family of prediction error methods. The core
idea behind these methods is to find the “best” set of param-
eter values by minimizing the error between the outputs pre-
dicted by the model and the actual (measured) system outputs.
In practice, the size of the prediction error across the dataset
is quantified using a scalar cost function, which is then min-
imized with respect to the parameters in what essentially be-
comes a numerical optimization problem (Ref. 3). The vari-
ous techniques differ in how the cost function is defined and
in the assumptions about system disturbances and properties
of the prediction error; the most common are based on least-
squares estimation (e.g., the Equation Error method (Ref. 8))
or on Maximum Likelihood estimation (e.g., the Output-Error
(Ref. 9) and Filter-Error (Ref. 10) methods). The identifi-
cation can be performed either in time or in frequency do-
main: in time domain, the methods are applied directly to
the measured time-series of input and output variables; in
frequency domain, the methods are applied to frequency re-
sponse curves, power spectral densities, and the like, typically
extracted from time-domain data using a Fourier transform.

A brief description of state-of-the-art procedures for the pa-
rameter identification of nonlinear rotorcraft models is pro-
vided below.

Frequency-domain methods

Frequency-domain techniques are particularly suitable for ro-
torcraft applications, thanks to their robustness to high noise
and vibration levels and their straightforward applicability to
unstable dynamic systems; their computational cost is also
usually lower compared to time-domain, as the number of
data points is limited and the solution to differential equations
involves only algebraic operations. Due to these practical ad-
vantages, frequency-domain methods are by far the most com-
monly used by rotorcraft manufacturers and research institu-
tions, as shown in a recent survey by the NATO STO AVT-296

Inputs

Simulation Model

3(6)

6

Parameter
Optimization

Figure 1. Basic working principle of prediction error methods

Research Task Group (Ref. 1). The frequency response-based
software suite CIFER® (Refs. 7, 11) is also widely used.

Many examples exist of frequency-domain identification ap-
plied to nonlinear models, including to the update of physics-
based engineering simulations (Refs. 1, 11, 12). In all cases,
the first step is the extraction of a local linear model from
flight test data. In CIFER®, this is done by first deriving a lin-
ear non-parametric model in the form of a MIMO frequency-
response matrix; if required, a state-space parametric model
is then identified using a frequency-domain maximum likeli-
hood estimator (Ref. 1 1). To identify the unknown parameters
of a nonlinear model from this local linear approximation, two
approaches are available:

¢ An ”indirect” approach (Refs. 1, 11, 12) consists in re-
placing terms of the linear state-space model by analyti-
cal expressions in which the unknown parameters appear.
For example, for physical parameters, possible formula-
tions can be found in (Refs. 7,13, 14). The parameters are
then identified through a maximum likelihood method
and used to update the nonlinear simulation model.

* A ”direct” approach (Refs. 1, 15) consists in adjusting the
parameters directly in the nonlinear model, based on ob-
served discrepancies between the linearized simulation
model and the data from flight tests; the discrepancies
can relate either to the frequency response or to the val-
ues of stability and control derivatives. Typically, param-
eter sweeps are performed, and the values producing the
minimum mismatch are selected.

The fact that the parameters are basically always estimated
from linear models is an important limitation of frequency-
domain techniques. For highly nonlinear systems such as ro-
torcraft, linear approximations are typically valid only within
a limited range of the working point and may be dependent
on the inputs applied (Ref. 16) - a fact that calls for care-
ful experiment design and may cause issues when identifying
full-envelope simulation models. In addition, any losses of in-
formation (e.g., on biases and linear trends) in the conversion
from time to frequency domain result in missing or erroneous
representations of the corresponding dynamic effects. Unless
all these factors are properly accounted for, the parameters
identified in the frequency domain may be far from optimal
when applied to a nonlinear framework.

Renovations techniques

The so-called renovations techniques (Refs. 1,17, 18) provide
a systematic framework to enhance the fidelity of physics-
based simulation models and use a similar approach to the
one of frequency-domain methods.

The first step is the identification of a linear state-space model
of the aircraft from flight test data, using either a time- or a
frequency-domain technique. Then, the stability and control
derivatives of the identified model are compared to those of
the linearized simulation model. The discrepancies observed



in the derivatives are useful in two ways: on the one hand, if
a sensitivity analysis or a physics-based study is conducted,
they can point the user to the parts of the model most respon-
sible for the mismatch with flight data; on the other hand, they
provide corrective factors in the form of force/moment incre-
ments, that can be introduced in the simulation model to in-
crease its fidelity.

Time-domain methods

Unlike frequency-domain methods, time-domain techniques
have no theoretical limitations when it comes to identifying
nonlinear systems. However, practical issues arise, mainly
due to the following aspects:

e When applied to nonlinear systems, the optimization
problem associated with parameter identification also be-
comes nonlinear and is often ill-posed (Refs. 5, 19): in
addition to requiring greater computational effort, the op-
timization may reach a local minimum instead of a global
one, or may not converge at all.

e To compute the time-domain outputs of the simulation
model, classic methods such as output-error require the
numerical integration of the model’s dynamics equa-
tions; for inherently unstable and highly sensitive sys-
tems, this can lead to numerical divergence in both the
simulation and the optimization (Ref. 6). More general
methods such as filter-error, which compute states and
outputs using state estimation techniques, are rarely us-
able in practice due to the excessive computational cost
and to the frequent identifiability problems caused by
low information content relative to the high number of
unknowns (Ref. 5).

Despite their wide application to fixed-wing aircraft (see
for example (Refs. 5, 6)), traditional time-domain parameter
identification techniques remain uncommon for rotorcraft -
with applications mostly limited to the identification of sim-
ple, lower-order models as in (Ref. 20). Two rare exam-
ples of classic time-domain identification applied to nonlin-
ear, physics-based helicopter models can be found in (Ref. 21)
and (Ref. 22).

A more recent approach to the time-domain identification of
unstable systems derives from optimal control and is based
on the concept of multiple shooting (Refs. 6, 23). Rather
than integrating the system equations over an entire maneu-
ver, the time domain is divided into smaller intervals, and
the dynamics equations are only integrated within each in-
terval; this makes the simulation less likely to diverge due
to excessively amplified small perturbations. To preserve the
continuity of the complete maneuver, the values of the states
at the boundaries between shooting segments become addi-
tional unknowns in the optimization problem, and “gluing”
constraints are introduced to force these values to be equal
from one segment to the next. In (Ref. 24) and (Ref. 25), the
multiple shooting approach is driven to the extreme of a full

discretization, where as many shooting segments are taken as
there are sample points; however, this method requires con-
siderable computational effort due to the large size of the op-
timization problem, and can become impractical when deal-
ing with high-order models or large amounts of flight data.
In such cases, a better solution may come from hybrid ap-
proaches: for instance, (Ref. 26) proposes a single-multiple
shooting method which applies multiple shooting only to the
classic states of flight mechanics, while the rotor states are left
unconstrained.

Parameter identification using trim data

In addition to matching an aircraft’s dynamic response, a
high-fidelity simulation model is also expected to accurately
replicate its trim states - i.e., its steady-state operating points
(Ref. 1). This means that, in the model as in the real aircraft,
specific combinations of states and inputs must produce a con-
dition of unaccelerated flight.

As many parameters have an influence on both the dynamic
and the trim response, using trim data to update flight simu-
lation models is a common practice. A key advantage of trim
points is that they are not only required for parameter iden-
tification but also for other purposes, such as aircraft design
and certification. Therefore, a typical flight test campaign will
contain many more trim points than dynamic maneuvers us-
able for system identification. Additionally, since trim points
are equilibrium conditions, they do not require elaborate in-
put design and are not affected by unstable vehicle dynamics.
They also tend to be less sensitive to noise, especially when
the data are averaged over time (Ref. 27).

Methods that exploit trim data range from simple manual
parameter tuning to more systematic approaches based on
system identification, as described for example in (Ref. 28).
In most cases, steady-state information alone is not suffi-
cient to obtain accurate estimates of all the model parame-
ters (Refs. 27,29). Because of this, parameter tuning using
trim data is performed prior to or in addition to the classi-
cal parameter identification, which instead focuses solely on
matching the dynamic response.

It should be noted that, since most system identification ma-
neuvers start from a trim condition, information on the air-
craft steady-state response is also available in the time series
used for time-domain identification. However, time-domain
methods do not enforce an exact match of this trim condi-
tion: the initial states and inputs for the simulation are ei-
ther extracted directly from the measurements (regardless of
whether the model is actually trimmed in those conditions),
or calculated separately using a trim routine and then cor-
rected with bias terms to compensate for discrepancies with
the data (Refs. 0,30, 31). Either way, trim information will
only have a marginal influence on parameter estimates.

Model stitching

Model stitching combines modeling and system identifica-
tion techniques to produce continuous, quasi-nonlinear, full-



envelope flight simulation models. In its classic architecture
(Refs. 7,32), a stitched model is composed of:

* a series of linear state-space perturbation models, each
representing the aircraft dynamic response for a specific
flight condition and configuration;

* a set of trim point data, recording the variation of trim
states and controls over the full envelope;

* nonlinear equations describing the aircraft 6-DoF dy-
namics and the gravitational forces acting on the center
of gravity.

The linear perturbation models and trim data are derived from
flight test data and stored in lookup tables, to be interpolated
as functions of airspeed and altitude; they are then combined
with the nonlinear equations of motion and with the inertia
model, which allow extrapolation to off-nominal loading con-
figurations and flight conditions.

The stitching approach is often used in models for training
and control design applications; it is also well suited to the
simulation of unconventional rotorcraft and UAVs, as a means
to obtain nonlinear full-envelope models even with limited
knowledge of the underlying physics. Examples can be found,
among others, in (Ref. 1), (Ref. 11), (Ref. 33), and (Ref. 34).
In a recent work (Ref. 35), the linearization is applied only to
rotor dynamics, while all the other components (equations of
motion, inertia, airframe and control surfaces aerodynamics)
are modeled by nonlinear equations.

Among the identification methods discussed so far, model
stitching is the only one accounting for more than one type
of information (Table 1). However, each type of data (the
local linear models and the trim points) is interpolated sepa-
rately from the other and affects different model parameters.
In contrast, the novel method proposed in this paper uses all
types of information at once to estimate the same parameters.
The theoretical basis and existing examples of this approach
are outlined in the following section.

MULTI-OBJECTIVE PARAMETER
IDENTIFICATION: BACKGROUND AND
EXAMPLES

The numerical optimization problem associated with predic-
tion error methods consists in finding the minimum of a de-
fined cost function J with respect to the unknown model pa-
rameters 0:

miniemize J(0) (1)

When applied to nonlinear systems, this problem is often ill-
posed, whereby a unique solution may not exist, or may not
depend continuously on the data (Refs. 19, 36) (Fig. 2). In
such a case, finding an optimal set of parameters becomes
challenging when not impossible.

Regularization techniques (Refs. 36, 37) improve the effi-
ciency and effectiveness of the optimization by improving the

Figure 2. Representation of the hypersurfaces characterizing a
linear (left) and a nonlinear (right) optimization problem with
two parameters; the nonlinear problem may have multiple op-
tima and discontinuities. (Ref. 16)

numerical properties of the problem (in other words, by mak-
ing it more “regular”). They often do so by exploiting avail-
able prior knowledge about the system - for instance, a priori
parameter values (Ref. 38), or of known/desirable properties
such as the smoothness of the outputs (Ref. 4).

In classic regularization methods, each piece of additional in-
formation is included in the optimization as a penalty to the
objective function. For example, when an a priori value 6*
of the parameter vector is available, this can be added as a
quadratic norm of the type (Ref. 38):

minimize [J(8)+A(6—0")"A(6—6%)] 2)

where the amount of penalty is tuned by the scaling factor A
and the weighting matrix A.

Over the past three decades, works focusing specifically on
nonlinear dynamic systems (Refs. 4, 19, 39) have introduced
new methods for incorporating additional knowledge into the
parameter identification process. In these approaches, the ad-
ditional knowledge - usually referred to as auxiliary informa-
tion - is introduced as either additional constraints or addi-
tional objectives, the latter case resulting in a multi-objective
identification framework. The types of auxiliary information
that can be used depend on the problem at hand and on the
type of model being identified; examples include, but are not
limited to:

* Known models to which the system’s response is equiv-
alent, either in a specific operating point (e.g., local
linear models) or over a range of operating conditions
(Refs. 4, 19).

* Steady-state information, such as static gains and equi-
librium conditions (Refs. 4,40,41)

* Information on the stability of the system, for exam-
ple, locations of poles and stable equilibrium points
(Refs. 19,42)

» Noise models with known or desired properties, e.g., lin-
ear noise models (Ref. 19).



Table 1. Types of information in state-of-the-art rotorcraft parameter identification techniques

Method
Information used frequency domain renovations time domain tuning with trim  stitching THIS PAPER
linear models v v X X v /P
trim data X X X v v v
time series X X v X W) v
Used simultaneously X X X X X v

2 Ref. 19)
®To be implemented

Research from various fields of engineering (Refs. 27, 29,

—51) shows that incorporating auxiliary information not
only results in a better-posed numerical optimization prob-
lem, but can also reduce the variance of identified models
due to uncertainty in the data. In particular, Aguirre et.
al. (Refs. 29,41,42,45,48-51) propose a multi-objective ap-
proach combining dynamic and steady-state information, and
have applied it to various parameter identification problems in
electrical, electronic, and process engineering. Their results
indicate that the multi-objective approach produces more ac-
curate models than traditional parameter identification meth-
ods, especially when the information content in dynamic ex-
periments is limited or affected by noise.

Most of the cited examples deal with the parameter identifi-
cation of nonlinear “black-box” models, such as NARMAX
models and neural networks. This paper shows that the bene-
fits of a multi-objective parameter identification approach ap-
ply to other types of nonlinear models as well - for example,
“white-box” models based on physical principles.

DESCRIPTION OF THE PROPOSED
METHOD

Definition of objectives

The basic concept of the proposed parameter identification
method is to combine different types of information about
the aircraft - namely: time-series, trim data, and local linear
models - by embedding them in a multi-objective optimiza-
tion framework. The parameter identification problem from
Eq. (1) becomes:

minignize J(6) 3)
where now J(0) is a vector of cost functions, each one corre-
sponding to a different type of information:

J(Q) = [Jlime(e)7Jtrim(9)7‘,linear(9)}T (4)

Time-series data The cost function for time-series data,
Jiime,> can be defined using any method from traditional time-
domain parameter identification (Refs. 5,6). In this paper, the
classic Maximum Likelihood cost function from Output-Error

methods has been used (Ref. 6):

Jime(8) = = Y () — 9(1]0)]" R~ [y(te) — (1 0)] +

N —
M=

k=1

N
+ 7 In(det(R)) (5)
Where y and § indicate, respectively, the measured outputs
and the outputs predicted by the model; N is the total number
of samples; R is the covariance matrix of the prediction errors,
which can be estimated in a maximum likelihood sense as:

1

=¥ (k) — 9(t]0)] [y(tx) — (1 ]0)])"

M=

R (6)

k=1

Trim data For trim data, the cost function Ji;,, has been de-
fined as the mean square error between the actual and pre-
dicted trim condition. This approach is analogous to a classic
least-squares method:

1 Ntrim . .
Jim = Ni Z [Ztrim(k) *Ztrim(kw)]T[Ztrim(k) *Ztrim(kle)]
trim f—|

(7
Where Nyim is the number of trim points and the vector zgim
indicates a generic set of inputs, states, and outputs of the
aircraft in trim conditions:

Utrim

Ztrim = | Xtrim ¥

Ytrim

The vector Zyim - i.e., the trim response of the model - can
be computed using any kind of analytical or numerical trim
routine. Equation (7) is analogous to the cost function of a
classic least-squares method (Ref. 3). Further refinements are
also possible, such as applying individual weights to each trim
point to compensate for noise in the data (Ref. 50).

Information about local linear models
can be incorporated in various ways. One option is to de-
fine a cost function based on the error between the frequency
response of the model and that of the actual aircraft. Cost
functions of this type are often used in classic frequency-
domain identification methods; for example, a typical formu-

Local linear models



lation uses Weighted Least Squares (Ref. 7):

20 & . 2
Jiinear(0) = o Y Wy W (IT ()| — |7 (eox, 0)]) "+
=1

W, (LT (ax) — /T (ax,0))’

©))
where T(®) indicates a frequency response function, ng, is
the number of frequencies for which the response is evaluated,
and different weighting factors are applied to gains and phases
to make their errors comparable.

Another option is to define the cost function as some norm of
the error on the stability and control derivatives of the local
linear models (respectively, the one identified from the data
and the one obtained by linearizing the simulation model).
This approach already exists in rotorcraft parameter identi-
fication: in fact, it is used by frequency-domain methods and
renovations techniques (Refs. 1,11,12,18). Yet another option
is to compare the poles of the model with those of the actual
aircraft, as suggested in (Ref. 19).

The incorporation of information from local linear models is
currently under development and will be discussed in future
publications. The preliminary results reported in this paper
focus on a bi-objective parameter identification problem in
which only time-series and trim data are considered.

Multi-objective optimization procedure

In most multi-objective optimization problems, no single so-
Iution can minimize all the objective functions at the same
time, because the objectives tend to conflict with each other
(Ref. 52). In this case, the optimization procedure does not
return just one solution, but rather a set of solutions that rep-
resent the trade-offs between different objectives. These so-
lutions are known as efficient solutions or Pareto set, and are
characterized by the fact that it is impossible to further re-
duce any objective without increasing one or more of the oth-
ers (Refs. 52,53). Once a set of efficient solutions has been
identified, the user selects the “best” solution according to
some decision-making criterion (Ref. 52).

One may argue that the objectives in Eq. (4) should not be
competing with each other: after all, they all relate to infor-
mation about the same aircraft. This is true in theory but not
in practice: in fact, the amount of noise in the data and the
inputs applied affect each type of information in a different
way; also, the data and the methods used to extract each type
of information are typically different (Ref. 44). Therefore, it
is reasonable to expect that each objective will be minimized
by a somewhat different set of parameters.

Figure 3 shows the values of the objectives (the so-called
Fareto front) corresponding to the efficient solutions of the
bi-objective problem in “Case 1” of the “Results” section. A
classic time-domain identification method, focused only on
matching the time-series data, would converge to point A. On
the other hand, if only trim data were used as objective, the op-
timization would converge to point B. The other points along
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Figure 3. Pareto front for the parameter identification problem
in “Case 1”

the solid line represent all possible trade-offs between the two
objectives.

Determining the Pareto set The efficient solutions were cal-
culated using the so-called €-constraint method (Refs. 52,53).
This consists in minimizing only one of the objectives, while
forcing the other objectives to remain below a certain thresh-
old. In the case of the optimization problem from Eq. (3)-(4):

Ji trim ( 0 ) < Eirim

10
]linear(e) S Elinear ( )

minignize Jime(0)  subject to:
Eq. (10) is a classic constrained optimization problem that can
be solved with any of the established techniques for single-
objective optimization (Refs. 54,55). To scan the entire Pareto
set, the procedure must be repeated several times with differ-
ent values of &yim and Ejpear-

Another widely used approach to compute the Pareto set, ap-
plied for instance in (Refs. 29,41,42,45,48-51), is to com-
bine all the objectives into a single function using a weighted
sum; this function is then minimized multiple times, each
time changing the values of the weights. Though very simple,
this approach is typically less efficient than the €-constraint
method, and can only identify convex portions of the Pareto
set (Ref. 53).

Choosing the best solution Decision-making criteria for
multi-objective parameter identification can be based on en-
gineering judgment or on quantitative metrics.

Criteria of the first type typically imply that the user has
some kind of underlying preference regarding the best solu-
tion (Ref. 41). For example, the user may define acceptable
bounds for each objective (Ref. 4), or may attribute different
weights to the various objectives based on the degree of con-
fidence in the data (Ref. 46).

On the other hand, criteria based on quantitative metrics do
not require any a priori preferences. A straightforward met-
ric is the distance between the Pareto front and the ufopia



point, i.e., the condition that would be achieved if all objec-
tives could be minimized simultaneously (point U in Fig. 3).
Although the utopia condition is not typically achievable in
practice, it is possible to choose the Pareto solution that comes
closest to it, by minimizing (Ref. 52):

o J; —min(J;) ’
minimize Z (maX mlH(Ji))

where the distances are normalized to account for different
scaling of the objectives. This is the criterion used in this
paper; as will be shown in the following sections, it appears
to produce satisfactory results.

Y

Using Eq. (11), point C can be found even without determin-
ing the rest of the Pareto set (Ref. 52). With this approach, the
computational load of parameter identification reduces signif-
icantly, as only n; + 1 single-objective optimization problems
have to be solved (the first n; are needed to compute the utopia
point). However, computing the entire Pareto set is usually
advisable, as it provides a more comprehensive view of the
problem at hand and enables the user to make more informed
decisions (Ref. 41).

Other quantitative metrics are defined in terms of the simu-
lation error computed over a set of maneuvers that were not
used for the parameter identification. This approach selects
the best solution as the one minimizing either the root mean
square of the simulation error (Ref. 41) or the correlation be-
tween simulation error and model output (Ref. 29).

Some practical considerations

Computational load Multi-objective parameter identifica-
tion requires the solution of multiple numerical optimization
problems. Each individual problem is solved iteratively, and
typically each iteration computes not only the values of all
objectives, but also their gradients with respect to the param-
eters (Ref. 53). As a result, the computational effort is much
higher than in classic parameter identification, where only one
numerical optimization is performed.

One way to reduce the computational load consists in de-
termining only one efficient solution, rather than the whole
Pareto set, using Eq. (11) as an optimization objective. On
the other hand, if the entire Pareto set is estimated, each it-
eration of Eq. (10) can be initialized with the solution from
the previous iteration; this way, the constrained optimization
algorithm will typically converge after only a few steps.

Scaling Since many numerical optimization methods are
highly sensitive to problem scaling, it is a good practice to
normalize both the parameters and the objective functions so
that their values, and possibly also the gradients dJ/d 8, have
similar orders of magnitude. In the examples presented in this
paper, scaling is applied as follows:

* Scaling factors for the parameters are defined based on
either a priori values or the expected range of variation.

0, 6’

Bo/s0 ] [5* - 5g

6o 0

Optimizer

0 J

)

Model

|

Figure 4. Scheme of the procedure for parameter and objective
scaling. (Ref. 53, adapted)

* When performing a single-objective optimization, the
objective is scaled by J(6y), i.e., the value calculated us-
ing the initial parameter guesses.

* When performing a multi-objective optimization, each
objective is scaled by its value at the utopia point.

To avoid making modifications to the simulation model, these
scale factors are applied only at optimizer level, while the
model continues to work with unscaled variables (Fig. 4).

Simulation instability In relation to the limitations of time-
domain methods discussed earlier, the method proposed in
this paper promises to improve on the first aspect - related
to ill-posed problems - but does not address the issue of sim-
ulation instability. For particularly unstable rotorcraft mod-
els, it may be necessary to combine both the multi-objective
and a multiple-shooting technique; this is easily done thanks
to the flexibility of the multi-objective optimization frame-
work (Ref. 4), but the computational load may increase sig-
nificantly.

PRELIMINARY RESULTS

The following examples demonstrate the application of the
multi-objective parameter identification method to a simple
problem - namely, the estimation of physics-based parameters
in a nonlinear, 3DoF model of the Bo-105 helicopter. The
model has been developed in MATLAB® at TU Delft and in-
cludes the three longitudinal degrees of freedom as well as the
uniform main rotor inflow dynamics (Ref. 56).

As anticipated, the current parameter identification frame-
work uses only two objectives - time-series and trim data -



while local linear models have not yet been incorporated. The
optimization problem from Eq. (3) is then reduced to:

minimize J(6) = Viime (), Juim (8)]” (12)
The bi-objective identification problem (12) is solved as de-
scribed in the previous section: first, the Pareto set is com-
puted using the e-constraint method; then, the best efficient
solution is selected based on the decision-making criterion
(11). The single-objective optimization sub-problems are
solved using the function finincon from the MATLAB® Op-
timization Toolbox,! with user-specified gradients for objec-
tives and constraints.

The time-series cost function Jiim (6) is defined as in Eq. (5)
and calculated using the following outputs:

y = [g,9,n.,n:, TAS]" (13)
where g and ¥ are the pitch rate and pitch angle of the fuse-
lage, n, and n, are the horizontal and vertical load factors, and
TAS is the true airspeed of the helicopter.

For the trim objective function Jii, (6), the definition of Eq.
(7) is used; the vector of generalized outputs zyi,, comprises
the trim values of the collective and longitudinal input, and of
the pitch angle ¥:

Ztrim = [col, lon, )7 (14)
In the simulation model, Zin, is calculated using a numerical
trim routine based on the Newton-Raphson method (Ref. 57).
The same routine is also used to initialize the simulation of
dynamic maneuvers.

The dataset used for parameter identification is part of the Bo-
105 flight test data collected by the GARTEUR Action Group
AGO6 (Ref. 58). The following maneuvers have been used:

¢ Time-series (10 test points):
Collective and longitudinal 3-2-1-1 at 80kt +
Collective and longitudinal doublets at 20kt and hover

e Trim (24 test points):
Forward flight trim at various speeds (14 points) +
The trim conditions at the beginning of each time-series

The following subsections analyze two different examples of
parameter identification problems:

e Case 1: All the identified parameters affect both the dy-
namic and the trim response of the helicopter.

» Case 2: All the identified parameters affect the dynamic
response, but only some have an effect on trim.

In both cases, the results produced by the multi-objective ap-
proach are compared to those of a traditional output-error
identification in time domain.

"https://www.mathworks.com/help/optim/ug/
fmincon.html

Case 1

In this first example, the parameter to be identified consist of:

e the linear twist (Byist) of the main rotor blades

e the lift curve slope (Crq g7) of the horizontal stabilizer

Both parameters influence both the steady-state and the dy-
namic response of the model.

A comparison between the model identified with the multi-
objective approach, the one identified using the classic time-
domain method, and the data of the actual helicopter, is re-
ported in the following figures and in Table 2.

As expected, the model obtained via multi-objective identi-
fication provides more accurate predictions of the trim con-
ditions (Fig. 5), particularly with regard to collective inputs.
The remaining discrepancies in pitch attitude and longitudi-
nal command are likely due to the unmodeled interference of
the rotor wake on the horizontal stabilizer, which prevents a
correct matching of low speed trim points during the identifi-
cation.

Figure 6 compares the predicted dynamic response for a series
of validation maneuvers (i.e., maneuvers not used for identi-
fication) consisting of collective and longitudinal doublets at
80kt. It should be noted that a certain mismatch with flight
tests is inevitable, as the response of the real helicopter in-
cludes non-negligible roll rate and lateral acceleration, which
cannot be captured by a simple longitudinal model. Nonethe-
less, it is evident that the multi-objective approach, while
identifying a solution that is not strictly optimal in terms of
dynamic response error, does not significantly degrade the re-
sults compared to the traditional approach. In fact, the novel
method even produces an improvement in the prediction of
the rotor coning angle fy, probably as a result of the better
matching of trim conditions.

Finally, a comparison of the values of the identified parame-
ters (Table 2) shows that, while the classic time-domain ap-
proach tends to significantly overestimate Oyyisx and underes-
timate Crq 7, multi-objective identification yields estimates
that are much closer to the actual helicopter parameters. The
larger discrepancy in the value of Cr 4 g7 may again be due to
the unmodeled wake-tail interference.

Case 2

This second example uses the same setup as Case 1, but adds
a third parameter - the moment of inertia I, - that only affects
the helicopter’s dynamic response.

The comparison of trim predictions (Fig. 7) and of valida-
tion maneuvers (Fig. 8) confirms the observations from the
previous case: the multi-objective identification approach re-
sults in a more accurate matching of the steady-state response,
without producing any evident deterioration in the dynamic
response.
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Table 2. Comparison of parameter values - Case 1
time-domain  multi-objective  actual Bo-105
Ouwist [deg/m] -7.6719 -3.0138 -1.6329
Craur [rad™] 0.9451 1.1209 6.2166
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Table 3. Comparison of parameter values - Case 2

time-domain

multi-objective  actual Bo-105

Orwist [deg/m] -7.8220 -3.0132 -1.6329

Crapr [rad™!'] 1.2323 1.1403 6.2166

Ly [kg m?] 4106 4910 4973
An interesting result emerges from the comparison of param-  Author contacts:
eter estimates (Table 3): in addition to providing better esti-
mates of the parameters that are affected by both objectives, ~ Anna Aba, A.Aba@tudelft.nl
the multi-objective approach also appears to remarkably im- ~ Marilena D. Pavel, M.D.Pavel @tudelft.nl
prove the accuracy of the moment of inertia. A possible ex-  Pierluigi Capone, pierluigi.capone @zhaw.ch
planation is that the auxiliary information introduced by this Pieter-Jan Proesmans, ~ P.Proesmans @tudelft.nl
approach helps separate the effects of the various parameters,
resulting in a global improvement of the parameter estimates. REFERENCES

CONCLUSIONS

A novel approach for the multi-objective parameter identifica-
tion of nonlinear rotorcraft models has been introduced. This
approach had never been applied to aircraft and allows to si-
multaneously exploit different types of information (time se-
ries, trim points, and local linear models), which are typically
considered separately in traditional parameter identification
techniques.

Guidelines for implementing and solving the multi-objective
optimization problem have been provided. A quantitative
metric has been proposed that can be used either as a decision-
making criterion to select the best solution from the Pareto set,
or as a parameter identification objective to identify a single
efficient solution.

Preliminary results for the special case of a bi-objective iden-
tification problem using time-series and trim data indicate that
the proposed approach can considerably improve the predic-
tion of trim conditions, without significantly degrading the
predicted dynamic response. Also, by introducing additional
information in the parameter identification process, it can fa-
cilitate the separation of effects and increase the overall accu-
racy of parameter estimates.

The computational effort involved in multi-objective identifi-
cation is much higher than that of traditional, single-objective
identification techniques. Therefore, the proposed method is
especially suitable for applications requiring high levels of
model fidelity, such as the development or update of high-
fidelity engineering simulation models. It can also be helpful
when dynamic data are limited or corrupted by noise, and all
available types of information have to be taken into account.

Future work will incorporate local linear models into the
multi-objective identification framework, and will further ex-
plore the capabilities of this approach by testing it on different
types of models and parameter identification problems.
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