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Abstract— Accurate force estimation is essential for robust
control and improved model understanding in tethered aerial
vehicles operating under uncertain wind conditions. These
systems exhibit highly nonlinear and strongly coupled dynamics
influenced by aerodynamic disturbances and tether forces.
Extended Kalman Filters (EKF) are commonly used for joint
state and disturbance estimation; however, their performance
strongly depends on fixed process (Q) and measurement (R)
noise covariance tuning.

This paper proposes an adaptive covariance tuning strat-
egy for unknown force estimation in tethered aerial systems
modeled in spherical coordinates. Innovation- and residual-
based statistics are used to update the Q and R matrices
online. The approach is evaluated through simulation under
multiple operating scenarios and validated using experimental
flight data. Results show that selective covariance adaptation,
particularly process noise adaptation, improves disturbance
estimation accuracy while preserving filter stability.

Index Terms— Extended Kalman Filter, adaptive covariance
tuning, unkown force estimation, nonlinear state estimation,
tethered aerial vehicles

I. INTRODUCTION

Renewable energy has become a central focus in modern
energy systems due to environmental concerns and the lim-
ited availability of conventional fossil fuels [1]. Among re-
newable resources, wind energy plays a major role in global
power generation. However, conventional wind turbines are
constrained by tower height and structural limitations, with
typical operating heights limited to about 150 m due to
technological and structural constraints [2]. These limitations
restrict their ability to fully exploit the available wind energy
at higher altitudes.

Airborne Wind Energy (AWE) systems aim to overcome
these constraints by harvesting wind energy at higher alti-
tudes, where wind speeds are stronger and more consistent
[3], [4], [7]. Unlike conventional turbines, AWE systems
use tethered airborne platforms, such as flexible wings, rigid
wings, or onboard generation systems, to access high-altitude
winds [5]. During operation, aerodynamic lift generated by
the airborne platform produces traction forces along the
tether. These forces are transmitted to the ground unit and
converted into electrical energy through a pumping cycle
composed of a traction phase (reel-out) for power generation
and a retraction phase (reel-in) for energy recovery [6], [7].
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Despite their strong potential, AWE systems face signif-
icant technical challenges due to highly nonlinear dynam-
ics, strong tether coupling, and environmental disturbances
arising from wind variability, aerodynamic uncertainties, and
tether forces [8]. These effects become particularly critical
during take-off, landing, and aggressive maneuvers, where
neglected exogenous forces or poor disturbance compen-
sation can severely degrade system stability and control
performance [9].

In practice, the external aerodynamic and environmental
forces acting on the aerial vehicle cannot be measured
directly and must be estimated online [10]. Accurate dis-
turbance force estimation is therefore essential to enhance
robustness, improve control accuracy, and ensure safe and
efficient operation under varying wind conditions.

Extended Kalman Filters (EKF) are widely adopted for
nonlinear state and unknown estimation due to their com-
putational efficiency and real-time applicability [11], [12].
In disturbance-augmented formulations, unknown external
forces are modeled as additional states and estimated jointly
with the system dynamics. However, the performance of the
EKF strongly depends on the selection of the process noise
covariance matrix Q and the measurement noise covariance
matrix R [12]. In practice, these matrices are often tuned
heuristically and kept fixed during operation. Such fixed
covariance tuning may lead to degraded estimation accuracy
when disturbance characteristics vary over time [13], particu-
larly in nonlinear tethered systems operating under changing
wind conditions.

This limitation motivates the development of adaptive
force estimation strategies capable of updating the noise
covariance matrices online to improve robustness and esti-
mation accuracy under time-varying and uncertain operating
conditions. Innovation- and residual-based covariance adap-
tation methods provide a practical framework for this purpose
[14]. However, their impact on stability and estimation
performance in nonlinear tethered aerial systems remains
insufficiently investigated.

This paper proposes an innovation- and residual-based
adaptive covariance tuning framework for unkown force
estimation in tethered aerial vehicles modeled in spherical
coordinates. The effects of adaptive process noise tuning
and adaptive measurement noise tuning are systematically
analyzed. Simulation studies under multiple operating sce-
narios, together with experimental validation using flight
data, demonstrate that selective process noise adaptation
improves disturbance estimation accuracy while preserving
filter stability.



The remainder of the paper is organized as follows.
Section II describes the system and its nonlinear model.
Section III presents the baseline EKF formulation and the
proposed adaptive covariance estimation method. Section IV
provides simulation and experimental analysis. Finally, Sec-
tion V concludes the paper.

II. NONLINEAR SYSTEM MODEL
This work considers a tethered airborne wind energy

platform based on the Magnus-Based Winged Quadcopter
(MWQ) system proposed in [15], as shown in Fig. 1. The
vehicle is modeled in spherical coordinates aligned with the
tether, providing a natural representation of the tethered con-
figuration and explicitly capturing radial and angular motion.
Aerodynamic, environmental, and winch-related effects are
grouped as generalized disturbance forces.

A. System Dynamics
The augmented state vector includes the spherical position

variables, their velocities, and unknown disturbance forces

x =
[
r ṙ η η̇ β β̇ fr fη fβ

]T ∈ R9, (1)

where r denotes the tether length, η and β are the elevation
and azimuth angles, and fr, fη , and fβ represent unknown
forces acting along the tether-aligned spherical directions.

The control input vector is defined as

u =
[
uT ur uη uβ

]T
, (2)

where uT is the winch control input, and ur, uη , and uβ

denote the rotor thrust components expressed in the spherical
coordinate frame.

The nonlinear dynamics are given by [15], [16]:
dr
dt

= ṙ,
dη

dt
= η̇ ,

dβ

dt
= β̇ (3)
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(4)
where Ω = η̇2 + β̇ 2 cos2 η .

The disturbance forces are assumed to be unknown and are
modeled as additional state variables with zero dynamics:

d fr

dt
=

d fη

dt
=

d fβ

dt
= 0 (5)

The complete nonlinear system is written compactly as

ẋ = f (x,u). (6)

B. Measurement Equation
The available measurements consist of the spherical posi-

tion components:

y =
[
r η β

]T
= h(x), (7)

with
h(x) =

[
x1 x3 x5

]T
. (8)

Fig. 1: Magnus-based winged quadcopter (MWQ) platform.

III. DISTURBANCE FORCE ESTIMATION

The nonlinear model described in Section II is used to esti-
mate the unknown disturbance forces fr, fη , and fβ together
with the system state vector. To achieve this objective, an
Adaptative Extended Kalman Filter (EKF) is applied. This
section first presents the baseline EKF formulation and then
introduces the proposed adaptive covariance tuning strategy.

A. Baseline Extended Kalman Filter

The nonlinear system is expressed as

ẋ(t) = f (x(t),u(t)), z(t) = h(x(t)). (9)

To apply the EKF, the continuous-time model is dis-
cretized using a first-order Euler approximation with a sam-
pling period Ts:

xk = fd(xk−1,uk−1)+wk−1

= xk−1 +Ts f (xk−1,uk−1)+wk−1,

zk = h(xk)+ vk.

(10)

where wk ∼N (0,Q) and vk ∼N (0,R) denote the process
noise and measurement noise, respectively [11].

Local linearization is performed using the Jacobian matri-
ces

Ak =
∂ fd

∂x

∣∣∣∣
x̂+k−1,uk−1

, Hk =
∂h
∂x

∣∣∣∣
x̂−k

. (11)

where x̂+k−1 denotes the a posteriori state estimate at time
k−1, and x̂−k denotes the a priori predicted state at time k.

EKF Algorithm
The filter is initialized with x̂0 and covariance P0. The

recursive estimation proceeds as follows [11].
Prediction step:

x̂−k = fd(x̂+k−1,uk−1), (12)

P−
k = AkP+

k−1AT
k +Q, (13)

Correction step:

Kk = P−
k HT

k
(
HkP−

k HT
k +R

)−1
, (14)

x̂+k = x̂−k +Kk
(
zk −h(x̂−k )

)
, (15)

P+
k = (I −KkHk)P−

k . (16)



In the baseline implementation, the covariance matrices Q
and R are selected heuristically based on physical insight
into the system dynamics and sensor characteristics. The
matrix Q is chosen diagonal, with smaller values assigned
to position states, larger values to velocity states to account
for modeling uncertainties, and higher values to disturbance
force states representing unmodeled external effects. Simi-
larly, R is selected according to sensor reliability, assigning
smaller entries to low-noise measurements and larger values
to noisier signals [15].

While this fixed tuning ensures stable performance under
nominal conditions, it may lead to reduced estimation accu-
racy when disturbance and noise statistics vary over time.
This limitation motivates the introduction of an adaptive
covariance tuning strategy.

B. Adaptive Covariance Tuning Strategy

The proposed adaptive approach preserves the standard
EKF prediction and correction structure presented previ-
ously. The state and covariance update equations remain
unchanged; however, the covariance matrices Q and R are
updated online using innovation- and residual-based statis-
tics. This modification enables the filter to adapt to time-
varying operating conditions while maintaining the original
EKF framework [17], [18].

The innovation (dk) and residual (εk) are defined as

dk = zk −h(x̂−k ), εk = zk −h(x̂+k ). (17)

These quantities provide complementary information regard-
ing process and measurement uncertainties [17].

Residual-Based Adaptation of Rk
The measurement noise covariance matrix is updated using

a residual-based covariance matching approach [18]:

Rk = E
[
εk−1ε

T
k−1

]
+HkP−

k HT
k . (18)

To ensure numerical stability and smooth adaptation, an
exponential forgetting factor α ∈ (0,1) is introduced:

Rk = αRk−1 +(1−α)
(
εk−1ε

T
k−1 +HkP−

k HT
k
)
. (19)

Innovation-Based Adaptation of Qk
The process noise covariance matrix is adapted using the

innovation sequence [17]. Since the innovation dk is defined
in the measurement space, it is projected into the state space
through the Kalman gain. Using the same forgetting factor
α , the recursive update is defined as

Qk = αQk−1 +(1−α)KkdkdT
k KT

k . (20)

The forgetting factor α controls the trade-off between
adaptation speed and stability. A large α gives smoother
and more stable covariance updates but slower response to
rapid disturbance changes, whereas a smaller α improves
responsiveness but increases sensitivity to noise and tran-
sients. Thus, no fixed value is valid for all wind conditions
or flight regimes. In this work, α was selected empirically
to balance responsiveness and stability for the considered
operating conditions.

Under this empirical tuning, the adaptive covariance up-
dates allow the EKF to account for time-varying disturbances
and modeling uncertainties while maintaining stable estima-
tion behavior [17], [18].

IV. PERFORMANCE EVALUATION

The proposed estimation strategy is evaluated through both
simulation-based and experimental studies.

Simulation-Based Evaluation
The following estimation configurations are considered:
• Baseline EKF with fixed covariance matrices.
• Adaptive process noise estimation (Qk updated, R fixed)

with two initialization strategies:
– Model-based initialization.
– Uniform (identity) initialization.

• Adaptive measurement noise estimation (Rk updated, Q
fixed).

Each configuration is evaluated under multiple operating
conditions. The estimated unknown forces are compared with
ground-truth values, and estimation accuracy is quantified
using the Root Mean Square (RMS) error.

Experimental Validation
The adaptive strategy is further validated using experimen-

tal flight data obtained under two control configurations:
• PID-Control configutation.
• SMC-Control configutation.
The adaptive Qk and Rk approaches are compared with the

baseline EKF to evaluate consistency and robustness under
real operating conditions.

A. Simulation Results

The simulation study is conducted using a high-fidelity
nonlinear model with , with access to ground-truth distur-
bance forces for quantitative accuracy assessment.

Baseline EKF
In the baseline configuration, the covariance matrices Q

and R are fixed and selected heuristically. The process
covariance is defined as

Q = diag(10−10, 20, 10−10, 20, 10−10, 20, 80, 80, 80), (21)

with small weights on position states, moderate weights on
velocity states, and larger weights on disturbance force states.
The measurement covariance is chosen as

R = diag(10−10, 10−10, 10−10). (22)

Zero-mean Gaussian noise is injected into the simulated
measurements.

As shown in Fig. 2 the baseline EKF captures the domi-
nant force trends in all spherical directions. However, tran-
sient deviations appear between 15 s and 25 s, mainly in the
radial and azimuth components. These deviations increase
the RMS error and indicate the sensitivity of fixed covariance
tuning to time-varying disturbance dynamics.



Fig. 2: Force estimation using the baseline EKF.

Adaptive Process Noise Estimation (Qk Adaptive)
In this configuration, the process covariance Qk is updated

online while R remains fixed. Two initialization strategies are
considered to evaluate the influence of the initial covariance
selection on estimation performance.

1) Model-Based Initialization: Qk is initialized using the
nominal diagonal values of the baseline EKF.

2) Identity Initialization: Qk is initialized as an identity
matrix Qk(0) = diag(1,1,1,1,1,1,1,1,1).

As shown in Figs. 3 and 4, adaptive process noise es-
timation improves unknown force tracking compared with
the baseline EKF, particularly in the radial and azimuth
components, where lower RMS errors are observed.

The model-based initialization (Fig. 3) gives slightly lower
RMS errors than identity initialization (Fig. 4), indicating
faster convergence with physically informed covariance val-
ues. However, identity initialization still outperforms the
baseline EKF, confirming the effectiveness of adaptive pro-
cess noise estimation without prior covariance information.

To further examine the adaptation behavior, Fig. 9 shows
the eigenvalues of Qk under identity initialization. Start-
ing from equal covariance weights, adaptive Qk reshapes

Fig. 3: Force estimation using adaptive process noise covariance Qk with
model-based initialization.

Fig. 4: Force estimation using adaptive process noise covariance Qk with
identity initialization.

the covariance structure according to the system dynamics.
Relatively, the position directions (λ1–λ3) keep the lowest
weights, the velocity directions (λ4–λ6) take intermediate
weights, and the disturbance-force directions (λ7–λ9) receive
the highest weights. This relative separation indicates a
physically consistent covariance structure despite the non-
informative initialization.

Adaptive Measurement Noise Estimation (Rk Adaptive)
In this configuration, the measurement covariance Rk is

updated online while Q remains fixed at the nominal diagonal
values of the baseline EKF.

As shown in Fig. 5, the estimated disturbance forces fol-
low the ground-truth values across the simulation. However,
the RMS error reduction remains limited and close to the
baseline EKF, indicating that adaptive measurement noise
tuning is less effective in capturing time-varying disturbance
dynamics.

Performance Validation Across Different Scenarios
For robustness assessment of the proposed estimation ap-

proaches, all introduced configurations are evaluated across
three distinct simulation scenarios.

Fig. 5: Force estimation using adaptive measurement noise covariance Rk .



Fig. 6: RMS force estimation errors of baseline EKF, adaptive Qk , and
adaptive Rk across scenarios.

• Scenario 1: Nominal reference inputs.
• Scenario 2: Increased radial reference excitation.
• Scenario 3: Increased azimuth reference excitation.
For each scenario, disturbance forces are estimated and the

Root Mean Square (RMS) errors are computed to compare
performance across methods.

As shown in Fig. 6, the adaptive Qk approach achieves
the lowest RMS errors across the three scenarios, especially
for the radial ( fr) and azimuth ( fβ ) force components. In
contrast, the baseline EKF and adaptive Rk give comparable
results, with higher errors than adaptive Qk.

This improvement is mainly due to the dominant un-
certainty being related to the model dynamics, especially
the zero-dynamics assumption made for the unknown force
states. In the augmented EKF, the forces fr, fη , and fβ

are assumed constant, whereas in practice they vary due
to wind, tether motion, aerodynamic effects, and control
actions. Thus, the main mismatch is related to the process
model rather than measurement noise. Adapting Qk directly
accounts for this imperfect force-dynamics model, while
adapting Rk only changes the confidence assigned to the
measured variables r, η , and β , explaining the better effect of
adaptive process-noise tuning on force-estimation accuracy.

Simultaneous adaptation of Qk and Rk was also tested,
but led to divergence under sudden measurement changes.
Since both updates rely on the innovation and residual com-
puted from the same measurement zk, a sudden change can
be interpreted simultaneously as process and measurement
uncertainty. This creates conflicting effects on the Kalman
gain, producing inconsistent covariance updates and loss of
filter stability.

B. Experimental Validation

The proposed estimation strategies are further evaluated
using experimental flight data collected under PID and SMC
control configurations. The experimental data used in this
study are available in the following deposit [19]. The refer-
ence inputs are fixed at rd = 20 m, ηd = 0◦, and βd = 45◦.

Since ground-truth disturbance forces are not available in
the experimental data, direct RMS force errors cannot be
computed. Therefore, the experimental validation is based
on a qualitative comparison between the baseline EKF and
the adaptive estimators. The winch tension is also included

Fig. 7: Experimental force estimation under PID control configuration.

Fig. 8: Experimental force estimation under SMC control configuration.

as an indirect reference for the radial force trend, since it
is physically related to the tether-direction dynamics. This
choice is motivated by observations in simulation, where we
found that the ground-truth radial force and the winch input
follow similar dynamic trends, with different amplitudes.
Thus, the winch tension is not considered as an exact ground
truth, but only as a supporting reference for interpreting the
radial force behavior.

As shown in Figs. 7 and 8, the three estimators exhibit
similar overall force trends under both control configurations.
The adaptive Rk estimator remains close to the baseline
EKF, which is consistent with the simulation results and
indicates the limited effect of measurement-noise adaptation.
In contrast, the adaptive Qk estimator shows more noticeable
variations, especially in the radial ( fr) and azimuth ( fβ )
components, where the simulation results also showed the
largest improvement.

For the radial component, the adaptive Qk estimate follows
the main trend of the winch tension more clearly than the
adaptive Rk estimate. This supports the qualitative interpre-
tation that adaptive process-noise tuning is more responsive
to radial force dynamics. Since the winch tension is only an
indirect reference, this comparison is used to assess trend



consistency rather than exact force-estimation accuracy.
Overall, the experimental results follow the same trend

observed in simulation: adaptive Rk remains close to the
baseline EKF, while adaptive Qk is more responsive to
time-varying force dynamics. These results provide quali-
tative and indirect validation in the absence of ground-truth
disturbance-force measurements.

V. CONCLUSIONS

This paper investigated disturbance force estimation for
a tethered aerial vehicle using a disturbance-augmented
EKF formulated in spherical coordinates. Innovation- and
residual-based covariance updates were introduced to adapt
Qk and Rk online while preserving the standard EKF struc-
ture.

Simulation results across three excitation scenarios show
that adapting the process covariance Qk provides the largest
reduction in force estimation error, particularly for the radial
( fr) and azimuth ( fβ ) components. Model-based initializa-
tion improves convergence, while identity initialization still
recovers a consistent covariance structure after a transient.

Adapting only the measurement covariance Rk yields
performance close to the baseline EKF while eliminating
manual tuning. In contrast, simultaneous adaptation of Qk
and Rk leads to divergence under the considered sensing con-
figuration, indicating coupling effects between the covariance
updates.

Experimental flight data under PID and SMC control
scheme the same trend observed in simulation: adaptive Rk
remains close to the baseline EKF, whereas adaptive Qk
introduces systematic estimation variations, supporting the
benefit of process noise adaptation for disturbance estima-
tion.

APPENDIX

Fig. 9: Time evolution of the eigenvalues of the adaptive process noise
covariance matrix Qk under identity initialization.
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