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ABSTRACT

The hybrid load observer used for structural load monitoring combines a physical load observer
based on a flight-dynamics model with a data-driven correction model. This correction model
enables precise load estimation even under physical model uncertainties and neglected physical
effects. As such, it is effective in cases where the physical model structure is not immediately
apparent and complements purely physics-based modeling approaches, without neglecting the
underlying physics. In this sense, the hybrid load observer may serve as a model-based source of
essential load information required for modern load alleviation concepts. Besides load estimates,
other quantities, such as aeroelastic states, are often relevant for flexible aircraft control. However,
these have hardly been considered in previous applications of the hybrid load observer, as it has
so far only been applied for load monitoring. Thus, the impact of underlying model uncertainties
on crucial states for load control (e.g. aeroelastic states) remains pending. This open aspect is
examined in the present work in more detail using wind tunnel data of a flexible wing and by
explicitly accounting for physical model uncertainties. To this end, the hybrid load observer, based
on an unvalidated design model, is compared with a conventional observer without a correction
model that relies on a refined physical model derived from test data. Both physical load observers
are based on an LPV extended Kalman filter. The advantages of using a correction model for load
estimation are demonstrated in a direct comparison of both observers. Specifically, the hybrid
load observer achieves a better load estimation result than the refined LPV extended Kalman filter
despite its reduced physical model fidelity. However, the comparison also reveals the shortcomings
of the hybrid load observer’s current formulation, as model uncertainties affect the quality of the
estimated structural dynamic modes and are not yet sufficiently corrected by the correction model.
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Nomenclature

𝑓 = Frequency
𝑘 = k-factor
𝑝max, 𝑝min = Maximum and minimum measured angular rate
𝑞, ¤𝑞 = Body-fixed pitch rate and derivative
𝑟 = Residuum
𝑢, 𝑤, ¤𝑢, ¤𝑤 = Body-fixed velocities / accelerations
𝑢P, 𝑢LMN = Input vector
ˆ̃𝑢 = Input vector in deviation coordinates
𝑤 = Weighting factor
𝑥−
𝑘
, 𝑥𝑘 = A priori and a posteriori state estimates

𝑥, ˆ̃𝑥 = State vector in deviation coordinates
Δ𝑥s = State correction
𝑦L, 𝑦s = Measured Load / flight dynamics outputs
𝑦̂L, 𝑦̂s = Estimated Load / flight dynamics outputs
𝑦̂L,EKF = Extended Kalman filter load estimate
𝑦̂L,Hyb = Hybrid load observer load estimate
𝑥, 𝑦̄ = Linearized equilibrium (trim) point
Δ𝑦̂L,LMN = Correction model load estimate
𝑧W = Disturbance
𝐴, 𝐵, 𝐶, 𝐷 = State-space matrices
𝐶L, 𝐷L = State-space matrices containing only load outputs
𝐶L, 𝐶L0 = Lift / Zero-lift coefficient
𝐶L𝛼 = Lift slope
𝐶D, 𝐶D0 = Drag / Zero-drag coefficient
F𝜂 = Aerodynamic forces
LSI1 - LSI5 = IMU station
LSS1 - LSS4 = Structural load station
𝑀

LS1
xb , 𝑀̂

LS1
xb,EKF = Measured and estimated bending moment at load station 1

𝑃−
𝑘
, 𝑃𝑘 = A priori and a posteriori error covariance

𝑄, 𝑅 = Process error and measurement noise covariance
𝑉A, 𝑉W = Airspeed, Wind speed
𝑋0 = Flow-separation point
𝛼eff , 𝛼 = (Effective) angle of attack
𝛿a1, 𝛿a2 = Aileron control surface deflections
𝛿f1, 𝛿f2 = Flaperon control surface deflections
𝜁 = Modal damping ratio
𝜂, ¤𝜂, ¥𝜂 = Generalized displacement coordinate and derivatives
𝜇 = Generalized mass
𝜇, 𝜇r = Mean value
𝜉 = Damping ratio
𝜎r = Standard deviation
𝜙𝑥 , 𝑝𝑥 = Measured Euler angles and angular rates at station x
𝜔𝑛 = Natural frequency
𝚯 = Parameter vector
Φ𝜂 = Mode shape
𝚽 = Local model network input vector
Φmax,Φmin = Maximum and minimum measured roll angle

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Except where otherwise noted, content of this paper is licensed under
a Creative Commons Attribution 4.0 International License.

The reproduction and distribution with attribution of the entire paper or of individual
pages, in electronic or printed form, including any material under non-CC-BY 4.0
licenses is hereby granted by the authors and respective copyright owners.

057 - 3

1 Introduction
Efforts to improve the efficiency of future aircraft configurations have led to the design of increasingly

lightweight aircraft wing structures with simultaneously increasing aspect ratios, resulting in higher
structural flexibility. Concurrently, these structures are more vulnerable to maneuver and gust loads,
necessitating the deployment of active load alleviation systems to further optimize the wing structures’
weight [1] to reduce load peaks. However, central to its success is the correct assessment of the aircraft’s
load condition, achievable through either measurement- or model-based methods. While measurement
methods inherently increase system complexity and maintenance effort through additional required load
sensors, model-based methods are characterized by high availability and accuracy. In this regard, the
Institute of Aircraft Systems Engineering at Hamburg University of Technology (TUHH) has developed
a hybrid load monitoring concept named the "hybrid load observer" (LORAS-Hybrid) [2–4]. In essence,
the observer combines a physical, model-based observer and a data-driven correction model based on
the local model network approach [5]. In its original form, the load observer relies on a Luenberger
observer employing a non-linear flight dynamics model [2, 6]. However, the complexity of this model
often hinders real-time applications and thus its usage for modern active load alleviation concepts.
Facing these limitations, recent work by Luderer [7, 8] explores the usage of linear parameter-varying
(LPV) system-based observers instead of the full non-linear model in wind tunnel experiments. In this
context, the LPV extended Kalman filter (LPV-EKF) demonstrates favorable properties in terms of load
estimation accuracy and due to its ability to estimate unknown states. In the context of aeroelastic and
load control, works by Herrmann [9] and Rieck [10, 11] leverage these properties, using an LPV-
EKF based on validated and refined models to concurrently estimate loads and aeroelastic states. In
contrast, Luderer [8] demonstrated the effectiveness of the hybrid load observer’s correction model to
compensate for load estimation errors from unvalidated design models. As such, the hybrid load observer
is particularly effective when the underlying physical relationships are not immediately apparent or can
only be represented with considerable effort, thereby reducing the effort typically required for model
refinement while still providing accurate load estimates for control purposes. However, it has so far
only been used for structural load monitoring, thus the impact of the underlying model uncertainties on
crucial states for load control (e.g. aeroelastic states) remains pending. Given this unresolved aspect,
the present work aims to compare an LPV extended Kalman filter derived from a validated simulation
model, which corresponds to the conventional way of observer development, and a hybrid load observer
based on an LPV extended Kalman filter from unvalidated design models. In doing so, the impact of
model fidelity with respect to combined state and load estimation performance can be assessed, which
is especially relevant when considering the application of the observer in the context of safety-critical
control systems. To this end, both observers are compared to wind tunnel results of a flexible test wing.
They differ in terms of the accuracy of their underlying physical models, meaning that one leverages wind
tunnel data for model refinement via parameter estimation, while the other relies solely on unvalidated
design models. The extension to a hybrid observer and thus the correction model is only applied for the
observer based on design models.

This paper is structured as follows. In section 2, the flexible test wing and LPV Extended Kalman
filters underlying physical model is presented. To this end, an aeroelastic simulation model based on
elastic strip theory and modular subsystems using the in-house library FLYSIM is employed. Its initial
parameterization is derived through vortex-lattice aerodynamic calculations, thereby yielding the design
model examined in this paper. In addition, a refined, high-fidelity model is derived through parameter
estimation from test data. Based on these models, the LPV-EKFs are designed in section 3. Furthermore,
a description of the LPV hybrid load observer concept is given. Finally, both LPV observers are assessed
and compared in scenario-based wind tunnel tests of a flexible test wing with variable pitch control in
section 4.
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2 Flexible Wing Model
The unmanned Dimona high aspect-ratio reference aircraft (cf. Figure 1) serves as a test platform

for the development and validation of advanced methods for flexible aircraft modeling [9, 12, 13], load
estimation [14], and control [10, 15]. In this work, a flexible test wing of the aircraft [14] is employed
to investigate the impact of model fidelity on the state and load estimation result of the LPV hybrid load
observer in wind tunnel tests. In this regard, this chapter introduces an aeroelastic simulation model
based on two different parameterizations, resulting in a design model and a refined model obtained from
parameter estimation and wind tunnel data.

Fig. 1 Dimona reference aircraft

2.1 Flexible Test Wing
The flexible test wing has a span of 2.5 m and a wing area of 0.76 m2. It features four trailing edge

control surfaces, including two flaperons (𝛿f1, 𝛿f2) located on the inboard sections of the wing, and two
ailerons (𝛿a1, 𝛿a2) on the outboard sections. The test wing is instrumented with strain gauges at the load
stations LSS1 to LSS4 (cf. Figure 2). These strain gauges are calibrated to measure local structural loads
in terms of bending moment, torsion moment, and shear forces. Additionally, five inertial measurement
units (IMUs) at the stations LSI1 to LSI5 are distributed along the spar to obtain measurements of local
accelerations, angular velocities, and Euler angles. These sensor positions are depicted in Figure 2. Note
that the observer will rely solely on IMU LSI5 measurements, while the local load measurements obtained
from the strain gauges are used only for model validation and the correction model design.

Fig. 2 Measurement stations along the wing

2.2 Aeroelastic Simulation Model
The aeroelastic wind tunnel model for the study conducted in this paper is the non-linear model of the

flexible test wing, as presented in [11]. It is implemented in Matlab/Simulink and follows the modular
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subsystem-based modeling approach of the in-house library FLYSIM. An overview of the aeroelastic
model is given in Figure 3.

Actuators Distributed
Aerodynamics

Structural
Dynamics

Rigid
Dynamics

Sensors

Wind &
Turbulence

u δ

Fηη

xrigidy q̇motor

VW

Fig. 3 Overview of the aeroelastic wind tunnel simulation model according to [11]

2.2.1 Equations of Motion
Assuming the wind tunnel is operated at a fixed airspeed, the simplified rigid-body dynamics are

solely driven by the pitch motor, resulting in the simplified rigid-body dynamics[
¤𝑢
¤𝑣

]
=

[
−𝑞 𝑤
𝑞 𝑢

]
(1)

¤𝑞 = ¤𝑞motor . (2)

The aeroelastic equations of motion in modal form, describing the interconnection between the aerody-
namics and the structural dynamics, are given as

¥𝜂 𝑗 + 2 𝜁 𝑗 𝜔𝑛, 𝑗 ¤𝜂 𝑗 + 𝜔2
𝑛, 𝑗 𝜂 𝑗 =

1
𝜇 𝑗
𝐹𝜂 𝑗 . (3)

Here, 𝜂 𝑗 denotes the generalized displacement coordinate, 𝜔𝑛, 𝑗 the natural frequency, 𝜁 𝑗 the modal
damping ratio, 𝜇 𝑗 the generalized mass, and 𝐹𝜂 𝑗 the generalized force of each mode. The structural
dynamics model of the flexible test wing is based on the reference aircraft model by retaining only the
symmetric wing modes, as these are decisive for the resulting half-model of a single wing. The original
model was obtained based on modal analysis and ground vibration tests [16]. The remaining modes are
listed in Table 2 with their respective frequency 𝑓 and modal damping 𝜉.

Table 2 First four structural modes of the Dimona test wing according to [11]

Mode Description 𝑓 in Hz 𝜉 in %
1 1st bending 3.97 0.85
2 In-plane bending 13.21 1.83
3 2nd bending 14.60 1.79
4 Torsion 25.83 1.91
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2.2.2 Distributed Aerodynamics

Fig. 4 Aerodynamic properties of the i’th aerody-
namic strip on a deformed wing according to [11]

The distributed aerodynamics are based on
strip theory according to a formulation developed
in [9, 12]. A detailed description of this adapted
model is provided in [11]. According to strip the-
ory, the wing is discretized into a finite number of
spanwise strips (cf. Figure 4). Each strip is as-
signed local non-dimensional lift and drag coeffi-
cients including angle of attack and control surface
stall models to describe its aerodynamic character-
istics (cf. Equation 4 to 5).

𝐶𝐿,𝑖 = 𝐶𝐿0,𝑖 + 𝐶𝐿𝛼,𝑖 ·
(

1 +
√︁
𝑋0𝛼,𝑖

2

)2

· 𝛼eff,𝑖

+
𝑛𝛿∑︁
𝑗=1
𝐶𝐿 𝛿 𝑗

,𝑖 ·
(

1 +
√︁
𝑋0𝛿,𝑖

2

)2

· 𝛿 𝑗

(4)

𝐶𝐷,𝑖 = 𝐶𝐷0,𝑖 + 𝑘𝑖 · 𝐶2
𝐿,𝑖 . (5)

Here, quasi-steady stall effects are modeled by approximating the steady flow-separation point 𝑋0,𝑖 [17].
After transferring all coefficients to their respective neutral points, the local forces and moments can be
determined based on the local flow conditions that are influenced by the rigid-body motion, structural
dynamics, and wind (cf. Equation 3). Based on these distributed forces and moments, the structural
loads and the generalized forces of the structural dynamics are determined.

2.3 Model Parametrization
Two models of different fidelity are derived, both using the presented aeroelastic simulation model,

but differing with respect to model parametrization. The model structure remains unchanged. The
design model is parametrized using baseline stability and control derivative distributions from vortex
lattice method (VLM) calculations in XFLR5 (Figure 5a & 5b) and an initial structural-dynamic model
(Figure 5c), which represents the wing of the full-aircraft configuration.
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(a) Zero lift: 𝐶L0
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(c) Mode shape: Φ𝜂

Fig. 5 Comparison of refined ( , ) and design model ( , ) parametrization

The refined model is derived through parameter estimation based on the wind tunnel test data defined
in Table 4. To this end, the aerodynamic and structural dynamics parameters used in the design model are
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updated using an output error method [17, 18], optimization of the likelihood function based on a damped
Gauss-Newton algorithm, and by employing the DAVIS tool [9, 19]. In this way, the distributions of
the aerodynamic coefficients are scaled to match the test data. In addition, the elastic mode shapes are
adapted to represent the clamped-wing boundary condition of the wind tunnel. Additionally, parameters
of the stall model, actuator model, and sensor model are determined, which is described in detail in [11].

3 LPV Hybrid Load Observer
The hybrid load observer leverages the advantages of two state-of-the-art load monitoring methods

by combining a model-based load observer and a data-driven correction model (cf. Figure 6). While both
methods individually are capable of structural load estimation, their combination was shown to result
in a more pronounced multi-criteria improvement in estimation quality in previous studies [2, 4, 8]. In
its original form, the load observer relies on a Luenberger observer [2, 6], which provides a physical
estimation of maneuver and gust loads using feedback loops and employing a non-linear flight dynamics
model. In this work, the Luenberger observer is substituted with a computationally efficient linear
parameter-varying system-based extended Kalman filter (LPV-EKF), as shown in Figure 6. As such,
the observer provides model-based estimates of maneuver loads. Moreover, the physical model allows
for the estimation of unknown or non-measurable states, such as elastic states or gust velocities, thereby
enabling the estimation of gust loads and structural modes. The hybrid load observer’s correction model
compensates for any load estimation errors, resulting from model approximation errors or neglected
physical effects. To this end, a data-driven correction model based on the local-model-network method
[20] is employed, which acts as a delta model to the load estimate output of the Kalman filter. Note that,
in this work, this correction model is only applied to the LPV extended Kalman filter that is based on
design models. Moreover, a purely data-driven method for load and state estimation is not considered, as
the advantages of a physical model have already been demonstrated in comparative studies [2, 8].

LPV Hybrid Load Observer

LPV Extended Kalman filter Correction Model

zw

uP

yL

ys

Wind-Tunnel
Test Wing

ŷL,EKF

ŷs +

−

Linear Parameter-
Varying Wing Model

∆ŷs,k∆x̂s,k

Kalman matrix Kk ∆ŷL,LMN

+

+
ŷL,Hyb

Local-Model
Networks

Fig. 6 LPV Extended Kalman filter based hybrid load observer according to [8]

3.1 LPV Extended Kalman Filter
An LPV Extended Kalman filter is employed for load and state estimation. Based on the design

and refined model, two extended Kalman filters are designed: A Baseline Kalman filter based on the
design model and a Refined Kalman filter based on the refined model. Both observers estimate the
modal coordinates of the structural dynamics and the wing root bending moment of the test wing, both
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needed as inputs for e.g. model predictive load control [11]. The Kalman filters use measurements of
angle of attack, wind tunnel airspeed, control surface deflections, and IMU bank angle and roll rate at
station LSI5, forming the measurement output vector of the observers.

𝑦 =
[
𝑢 , 𝑤 , 𝛿f1 , 𝛿f2 , 𝛿a1 , 𝛿a2 , 𝜙5 , 𝑝5

]ᵀ
Typically used vertical acceleration measurements from the IMUs are excluded due to their comparable
lower signal-to-noise ratio in the wind-tunnel tests, which would otherwise increase estimation uncertain-
ties (cf. Rieck [11]). Consequently, the Kalman filters rely only on the local roll rate, which is correlated
with ¤𝜂1, and the local bank angle, which is correlated with 𝜂1 of the first wing bending mode. The linear
models for the Kalman filters are obtained from the LPV model depending on the current airspeed, which
acts as a scheduling parameter of the grid-based LPV model, as shown in Figure 7.

(a) Design Model (b) Refined Model

Fig. 7 Comparison of the linearized models used in the LPV systems at varying airspeeds

The prediction step of the Kalman filter is given by Equation 6, where 𝑥−
𝑘

and 𝑃−
𝑘

denote the a priori
estimates of the states and the error covariance.

𝑥−𝑘 = 𝐴 ˆ̃𝑥𝑘−1 + 𝐵 𝑢̃𝑘−1 + 𝑥
𝑃−
𝑘 = 𝐴 𝑃𝑘−1 𝐴

ᵀ +𝑄 ,
(6)

The correction step is given by Equation 7, where 𝑥𝑘 and 𝑃𝑘 denote the a posteriori estimates.

𝐾𝑘 = 𝑃
−
𝑘 𝐶

ᵀ (
𝐶 𝑃−

𝑘 𝐶
ᵀ + 𝑅

)−1

𝑥𝑘 = 𝑥
−
𝑘 + 𝐾𝑘

(
𝑦𝑘 −

(
𝐶 ˆ̃𝑥−𝑘 + 𝐷𝑢̃𝑘 + 𝑦̄

) )
𝑃𝑘 = (𝐼 − 𝐾𝑘 𝐶) 𝑃−

𝑘 ,

(7)

The loads can then be estimated with the output equation

𝑦̂𝐿,𝑘 = 𝐶
L ˆ̃𝑥𝑘 + 𝐷L𝑢̃𝑘 + 𝑦̄L. (8)

This process is repeated at each time step, where the matrices of the linear model are updated depending
on the current airspeed based on the LPV model.

3.1.1 Observer Design
Both observers are tuned by adjusting the entries of the covariance matrices 𝑄 and 𝑅. While the

noise variances represented by the diagonal entries of the measurement noise covariance 𝑅 are derived
from wind tunnel test data and sensor specifications, the values of 𝑄 are obtained using an optimization-
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based tuning procedure, as proposed in [8, 21]. To this end, the in-house parameter estimation tool
DAVIS is employed, thereby determining the diagonal entries of 𝑄 with an output error method and
maximum-likelihood estimation based on available wind tunnel data. Only the noise variances of the
states 𝑢, 𝑤, 𝑞, 𝜂1, and ¤𝜂1 are estimated, as they are the most sensitive to the optimization target, while all
other covariances were fixed at 1e−10. A representative excerpt of the estimation is shown in Figure 8,
illustrating the initial observer estimates prior to the Refined Kalman Filter’s design and the final estimates
obtained after its design. The associated parameter estimation results are summarized in Table 3.

0 1 2 3 4 5
0.2

0.3

0.4

Time in s

𝑦
L

in
%

LL

Fig. 8 Refined Kalman Filter design. Wind tunnel ( ). Initial
estimate ( ). Final estimate ( ).

Table 3 Noise variance estimation result

Parameter Estimate

𝑄u 1.60e−3
𝑄w 2.14e−5
𝑄q 5.19e−6
𝑄𝜂 1.53e−7
𝑄𝜂 5.03e−3

3.2 Structural Loads Correction Model

Fig. 9 Structure of a local model network

The correction model is based on a
local-model network, a data-driven method
to approximate non-linear relationships by
weighted local-linear models (LLM) in sim-
plified subspaces [5]. Specifically, the load
correction output, Δ𝑦̂L,LMN, is derived by a
superposition of local linear function results,
Δ𝑦̂L,𝑖, depending on the input vector, 𝑢LMN,
and the parameter vector Θ(𝑖) . This relation-
ship is summarized in Equation 9 and Equa-
tion 10, an overview is given in Figure 9.1
Each of these LLMs is weighted by a weight-
ing function 𝑤𝑖, assuming a gaussian normal
distribution with mean 𝜇, a standard devia-
tion 𝜎 and the property

∑n
i=1 𝑤𝑖 = 1 (cf. [20]). The correction model design requires experimental data,

and is thus subsequently described in section 4.

Δ𝑦̂L,LMN =

n∑︁
𝑖=1

𝑤𝑖 (𝑢LMN, 𝜇
(𝑖) , 𝜎 (𝑖)) · Δ𝑦̂L,𝑖 (𝑢LMN,Θ

(𝑖)) (9)

Δ𝑦̂L,𝑖 (𝑢LMN,Θ
(𝑖)) = Φ𝑇 · Θ(𝑖)

=

[
1 𝑢LMN,1 . . . 𝑢LMN,m

]𝑇
· Θ(𝑖) (10)

= Θ
(𝑖)
0 + Θ

(𝑖)
1 · 𝑢LMN,1 + · · · + Θ

(𝑖)
m · 𝑢LMN,m

1Further details are given in [20].

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Except where otherwise noted, content of this paper is licensed under
a Creative Commons Attribution 4.0 International License.

The reproduction and distribution with attribution of the entire paper or of individual
pages, in electronic or printed form, including any material under non-CC-BY 4.0
licenses is hereby granted by the authors and respective copyright owners.

057 - 10

4 Wind tunnel Application and Comparison
In the following, both observers are applied to wind tunnel data of the presented flexible test wing.

A scenario-based test procedure is pursued, using conventional system identification maneuvers. A
correction model is designed for the Baseline Kalman filter, thereby extending the physical load observer
to a hybrid load observer. Both observers are compared with respect to their load and state estimation
accuracies. To this end, the accuracy of the wing root bending moment estimate (normalized to the
limit load) is evaluated at LSS1. The state estimation aims to estimate the aeroelastic modes, as these are
generally not measurable. To this end, the evaluation is primarily focused on the generalized displacement
coordinate 𝜂 𝑗 , including their derivative ¤𝜂 𝑗 , as both are relevant to the control concept presented in [11].
Specifically, the displacement coordinate of mode 1 are evaluated, due to its strong correlation with the
bending moment. Note that direct measurements of the modes are not possible. Thus, the rates and
Euler angles locally measured by the IMUs are used for the comparison. Here, it is exploited that both
quantities are strongly correlated with the desired state variables.

4.1 Test Setup
The test setup follows the framework presented in [4, 7] and is depicted in Figure 10. It features a

dynamic wing pitch angle control by a stepper motor and four trailing-edge control surfaces. An end
plate is used to approximate effects of the wing-fuselage connection.

Fig. 10 Experimental set-up of the flexible test wing in the TUHH wind tunnel

The wind tunnel measurement campaign comprises 478 distinct scenarios (Table 4) inspired by conven-
tional system identification maneuvers, following a scenario-based test procedure (cf. Figure 11). The
test procedure consists of four consecutive steps, including the maneuver phase during which the actual
maneuver is executed. These maneuvers are based on rigid body maneuvers to excite high structural
loads and are simulated in advance using the presented flexible wing model (cf. section 2).

Fig. 11 Scenario-based test procedure according to [8]
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Table 4 Training and validation maneuvers

Type
# of Maneuvers

Refined Training Validation

ARD 8 15 69
ARS -- -- 36
FRD 10 10 156
FRS -- -- 36
HGR -- 30 43
SPM 6 -- 79
SPS 4 3 59

Total 28 58 478

All relevant input and output variables of the simu-
lation (e.g. control surface deflections, angle of at-
tack) are recorded and used as input variables for the
wing and pitch control in the wind tunnel. The fol-
lowing maneuver types are considered: dynamic angle-
of-attack variations (SPM), flap- (FRD) and aileron-
doublets (ARD), angle-of-attack- (SPS), flap- (FRS)
and aileron-sine excitations (ARS), and combined ma-
neuvers (HGR, simultaneous angle-of-attack and con-
trol surface excitation). For the design of the correc-
tion model, the database is separated into a training
(58 manually selected maneuvers) and validation data
set (full database). Moreover, 28 maneuvers are used
for the model refinement in section 2. All maneuvers
are performed in the airspeed range from 𝑉A = 16 to
25 m s−1 at varying control surface deflections. All rele-
vant measurement variables are acquired by a real-time
measurement system from dSPACE. This includes the measured structural loads from strain gauges
(bending moment, torsional moment, and shear forces), airspeed data, and the angle-of-attack.

4.2 Correction Model Design
A correction model is designed for the Baseline Kalman filter, thereby facilitating a meaningful

comparison of both approaches during experimental validation. To this end, the data-driven correction
model is derived using the SIGMA tool [20] using the defined training data (Table 4). According to its
definition, the correction model acts as a delta model by adding a correction term to the Kalman filter’s
load estimate. Thus, the difference between the measured and estimated bending moment is used as the
target criterion,𝑌 , (cf. Equation 11). A detailed description of the design process can be found in [4, 20].

𝑌 = 𝑦L − 𝑦̂L,EKF = 𝑀
LS1
xb − 𝑀̂LS1

xb,EKF (11)

The input vector is defined as follows:

𝑢LMN =

[
𝑢 , 𝑤 , 𝑞 , ¤𝑞 , 𝛿f1 , 𝛿f2 , 𝛿a1 , 𝛿a2 , 𝑀̂

LS1
xb,EKF

]
(12)
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Fig. 12 Correction model design
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Figure 12a shows how the estimation error evolves with increasing correction model complexity. Accord-
ingly, the design was restricted to five submodels, providing a sufficient compromise between accuracy
and complexity of the correction model. The resulting structure is depicted in Figure 12b based on a
typical model tree and essentially shows a dependence on the wind tunnel airspeed.

4.3 Load Estimation
The hybrid load observer was developed in the context of structural load monitoring. As such, precise

load estimation results are realized even at pronounced modeling errors of the underlying physical model.
In this regard, the correction model is a key contributor, which ensures the observer’s accuracy even at
underlying low physical model fidelity. This property is demonstrated in Figure 13a, where the hybrid
observer’s bending moment load estimation results and those of the Baseline Kalman filter are compared
to wind tunnel data. Specifically, the Kalman filter’s mean estimation error of 7.3 % LL, the maximum
error of 20.9 % LL, and the standard deviation of 2.5 % LL are effectively reduced to 0.1 % LL, 6.3 % LL
and 0.8 % LL, which is depicted in Figure 13a.

(a) Design model. Hybrid Load Observer ( ). Baseline
Kalman filter ( ). Wind tunnel ( ).

(b) Refined model. Refined Kalman filter ( ). Wind
tunnel ( ).

Fig. 13 Comparison of bending moment load estimation results

Table 5 Observer estimation results in % LL

EKF
(Design)

Hybrid
(Design)

EKF
(Refined)

𝜇r 7.3 0.1 -0.6
|𝑟 |max 20.9 6.3 7.3
𝜎r 2.5 0.8 1.3

In contrast, the Refined Kalman filter is effective
without additional correction (cf. Figure 13b),
thereby achieving a mean error of −0.6 % LL, a
maximum error of 7.3 % LL and a standard de-
viation of 1.3 % LL. Although this Kalman filter
achieves excellent results, it is still surpassed in
terms of load estimation accuracy by the Hybrid
Load Observer that is based on design models.
Here, the correction model contributes to a nar-
rower spread, lower mean errors, and improved
accuracy at high loads. A time-domain comparison of an SPM maneuver in Figure 14 reveals two main
aspects. First, the Baseline Kalman filter exhibits a larger phase shift than the Refined Kalman filter.
Second, the low delay of the angle-of-attack (AoA) measurement positively affects the time-domain per-
formance of the correction model, reducing the overall delay of the Hybrid Load Observer and leading
to a slight improvement over the Refined Kalman filter for its parameterization considered in this study.
The result underscores why hybrid approaches have proven promising for structural load monitoring in
previous works [2, 7, 8]. Based on these results, the following conclusions can be drawn:

1) The employed correction model effectively compensates for load estimation errors of the Kalman
filter that is based on design models.
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2) The resulting Hybrid Load Observer achieves higher load estimation accuracies than the Refined
Kalman filter, despite its reduced physical model fidelity.

Based on these findings, it is expected that the correction model can further enhance the Refined Kalman
filter’s performance. Thus, in terms of load estimation performance, a hybrid approach is preferable,
particularly when not all physical relationships are apparent, making a refined model difficult to obtain.
Note that the correction model design requires in the present work a larger number of test data compared
to the model refinement (cf. Table 4). Consequently, the effort required to train the correction model
must be weighed against the effort required to refine the model in practical applications. If data for the
correction model design are not available, the Refined Kalman filter still demonstrates excellent results.
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(a) Design model. Hybrid Load Observer ( ). Baseline
Kalman filter ( ). Wind tunnel ( ).
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%
LL

(b) Refined model. Refined Kalman filter ( ). Wind
tunnel ( ).

Fig. 14 Time-domain comparison of an SPM maneuver

4.4 Structural Mode Estimation

Table 6 Extreme values of the IMU measurements

Roll angle in ◦ Roll rate in ◦ s−1

Φmax Φmin 𝑝max 𝑝min

LSI1 -0.3 -2.0 5.8 -5.0
LSI2 -0.3 -3.7 11.8 -10.6
LSI3 -0.1 -5.7 19.3 -18.3
LSI4 -0.1 -7.7 27.2 -26.3
LSI5 -0.3 -8.8 35.1 -33.1

In view of both observers’ application in mod-
ern load control concepts (e.g. [11]), their struc-
tural mode estimation accuracies are another cru-
cial performance aspect. In this regard, the gen-
eralized coordinate of the first bending mode is of
particular interest, as it is the dominant mode of the
considered flexible test wing and it correlates with
the bending moment evaluated in subsection 4.3.
Direct measurements of the modes are challenging
to obtain, so that measured roll rates (𝑝LSI1 - 𝑝LSI5)
and Euler angles (ΦLSI1 - ΦLSI5) of the spanwise
distributed IMUs are compared to the Kalman fil-
ters’ corresponding outputs as a proxy. A compar-
ison between estimated and measured Euler angles
is given in Figure 15. The results clearly indicate advantages for the Refined Kalman filter, with respect
to its mean (Figure 15a) and maximum estimation error (Figure 15b). Specifically, the mean error is
consistently near −1.5◦ between LSI1 and LSI4, thereby revealing a small offset associated with the trim
values of aeroelastic simulation model. The maximum error of 2.6◦ exceeds the mean error by only 1.1◦
that is further confirmed by the small standard deviation in Figure 15c.

In contrast, the mean estimation error of the Hybrid Load Observer gradually increases up to
approximately−3◦, and its maximum error is 4.6◦. As measurements at LSI5 are used in the measurement
output vector of both observers (cf. subsection 3.1), the corresponding mean and maximum errors are
comparatively smaller. A comparison of the roll rate estimation errors is presented in Figure 16. Here,
the impact of increased uncertainties, such as measurement noise and model uncertainties, becomes
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apparent, leading to an incremental rise in the error toward the wingtip and generally higher estimation
errors for both observers. Again, the Refined Kalman filter shows smaller mean errors, maximum errors,
and standard deviations than the Hybrid Load Observer. For example, the maximum mean error is 17
times lower than that of the Hybrid Load Observer, revealing clear limitations resulting from its reduced
physical model fidelity.
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Fig. 15 Roll angle estimation error comparison at IMU stations LSI1 to LSI5. Hybrid Load Observer ( ),
Refined Kalman filter ( ).

In conclusion, the demonstrated load estimation accuracy of the Hybrid Load Observer, in its current
form, is inherently not transferable to its state estimation accuracy. This results from the data-driven
correction model only being applied to the structural load output, whereas the state estimation results
from the physical observer part only. Naturally, this applies only if the observer’s physical model fidelity
is low, as examined in this study. In difference, the Refined Kalman filter is based on a refined physical
model that achieves better state estimation and comparable load estimation accuracies to the Hybrid Load
Observer.

I1 I2 I3 I4 I5

−10

−5

0

IMU station LS𝑥

𝜇
r
in

de
g/

s

(a) Mean error

I1 I2 I3 I4 I5
0

2

4

6

8
·101

IMU station LS𝑥

|𝑟
| m

ax
in

de
g/

s

(b) Maximum error

I1 I2 I3 I4 I5
0

5

10

IMU station LS𝑥

𝜎
r
in

de
g/

s

(c) Standard deviation

Fig. 16 Roll rate estimation error comparison at IMU stations LSI1 to LSI5. Hybrid Load Observer ( ),
Refined Kalman filter ( ).

5 Conclusion
This paper compares two observer methods for structural load and mode estimation with respect to

wind tunnel results of a flexible test wing. Specifically, it is focused on the comparison between a hybrid
load observer, which combines an LPV-based extended Kalman filter with a data-driven correction model
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(Hybrid Load Observer), and a purely physical observer based on an LPV-based extended Kalman filter
(Refined Kalman filter) with previous model refinement. Both concepts are different observer strategies
that are connected to individual design complexities. Specifically, the Hybrid Load Observer has low
development effort on the design models, while requiring a broad data base for model correction. In
contrast, the Refined Kalman filter relies on elaborate parameter estimation techniques and a suitable
data base for model update. However, it avoids the additional complexity of a data-driven correction
model. Thus, both of these observers differ in terms of model fidelity and the application of a correction
model. As such, they are used to examine the influence of a low-fidelity physical model, refined physical
model, and data-driven correction model with respect to the estimation objectives. The comparison
clearly shows the advantages of the Hybrid Load Observer in terms of load estimation performance,
which is higher than that of the Refined Kalman filter despite increased model uncertainties. A key factor
behind this improvement is that the correction model is specifically trained on measurement data, thus
optimizing the hybrid approach for the desired load estimate and surpassing the Refined Kalman filter.
As such, the Hybrid Load Observer demonstrates its effectiveness when the underlying physical model
cannot be fully represented while still preserving essential physical relationships. In contrast to previous
application of the Hybrid Load Observer, where only its load output was relevant, precise estimation of
structural modes is desirable for control purposes. In this regard, this work reveals shortcomings in its
current implementation if its physical model fidelity is low, due to a single-sided correction of only its
load output. This was investigated in the present work by examining the bending mode estimate and its
comparison with the measured Euler angles from the wind tunnel tests (correlated with the bending line).
The results reveal that although the Hybrid Load Observer provides a high load estimation accuracy, it
does not achieve the state estimation accuracy of the Refined Kalman filter without a correction model.
Naturally, this shortcoming could be resolved by improving the fidelity of the underlying physical model.
However, if the underlying physical relationships are not apparent, a different type of hybridization in
terms of an integrated approach, where also individual state variables of the Kalman filter are corrected,
might be an alternative. In addition, it is worth noting that in the present work more measurement data
were used to design the correction model than to refine it. It is therefore reasonable to assume that
the amount of data required correlates with the model fidelity, highlighting the advantages of a refined
physical observer over one that relies heavily on data-driven methods.
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