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Abstract: Differentially flat models are frequently used to design feedforward controllers for
electromechanical systems. However, control performance depends on model accuracy, which
makes feedback imperative. This paper presents a control scheme for electromechanical systems
in which measuring or estimating the output to be controlled—typically the position—is not
feasible. It employs an identifiable-model-based controller and predictor, coupled with an
iterative loop that updates model parameters using the error between a measurable output
and its prediction. Simulations on electromechanical switching devices show effective tracking
of the desired position trajectory using only coil current measurements.
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1. INTRODUCTION

Differential flatness is a structural property shared by a
large class of electromechanical system models (Rigatos,
2015). In a differentially flat nth order system, the nth
derivative of the output is the first one in which the input
appears explicitly (Lévine, 2011). This feature enables the
calculation of the equivalent system input and the corre-
sponding state variables from a desired output through
model inversion. One of the most notable applications
is the design of continuous-time feedforward controllers
(also known as exact feedforward linearization), which
avoids linear approximations and therefore preserves ac-
curacy. In addition, feedforward controllers achieve supe-
rior performance in terms of response time and tracking
accuracy compared to other control strategies. Due to
all these advantages, flatness-based feedforward controllers
have been proposed to control the motion of a wide variety
of electromechanical systems. These include cranes (Lobe
et al., 2018), micro-opto-electro-mechanical systems actu-
ators (Li et al., 2024), electrical drives (Ghadbane et al.,
2024), electrohydraulic systems (Sarkar et al., 2024), and
quadrotors (Sun et al., 2022), among others.

Feedforward controllers are, however, highly sensitive to
modeling and parameter identification errors. For this
reason, they are typically combined with feedback mecha-
nisms to improve robustness and compensate for model
inaccuracies. Examples include classical Proportional—
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Integral feedback controllers (Sarkar et al., 2024), optimal
control (Lobe et al., 2018), Gaussian-process online model
learning (Tesfazgi et al., 2023), and adaptive parameter-
adjustment methods (Fu et al., 2022).

Unfortunately, in some scenarios, feeding back the variable
to be controlled, i.e., the position, is not technically or
economically feasible. An example is that of commercial
electromechanical switching devices, in which the long-
standing control problem of soft landing needs to be solved
without the possibility of measuring or estimating the
position of the movable component. Recent works (Moya-
Lasheras et al., 2023) exploit the repetitive operation of
such devices by applying run-to-run (R2R) control (Sachs
et al.,, 1991). This technique iteratively adjusts the pa-
rameters of the control process between successive runs to
achieve the desired output quality.

In some of our previous works, we employ an R2R. control
scheme with a feedforward controller in the main loop
and an iterative adaptation law in the outer loop. The
iterative adaptation law is supplied with a measurement
related to the impact energy (impact velocity, impact
sound, or the bounces produced) without considering the
full motion trajectory. Although effective, this approach
does not guarantee that the desired trajectory is accurately
followed. This limitation is particularly relevant when
there are multiple control objectives (Serrano-Seco et al.,
2023), or stricter reliability and repeatability are required.

This paper introduces a new control structure that lever-
ages model identifiability (Vajda et al., 1989) to guarantee
accurate position tracking, even when the tracked variable
cannot be measured. Building upon the scheme proposed
in Moya-Lasheras et al. (2023), we incorporate a model-
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Fig. 1. Control diagram. The subscript k£ denotes the variables of the k-th evaluation of the R2R adaptation law. The
objective is to control the non-measurable output y; by adapting the model parameters 6 through the prediction

error of the measurable output o

based predictor that estimates a measurable output—
different from the controlled variable—using the same
input as the feedforward controller. Both the controller
and the predictor are obtained through model inversion of
an identifiable flat model, and are adapted cycle by cycle
by an external loop. The contribution is focused on the
tracking error of the variable of interest: the unified pre-
dictor—controller architecture that provides information
on the tracking error based on predicted and measured
output, the redefined input of the iterative adaptation law
that allows for the indirect minimization of the tracking
error, and the use of a structurally identifiable model that
provides a theoretical guarantee of the tracking. Simula-
tion results validate the proposed approach, demonstrating
that it solves the soft-landing problem as effectively as
state-of-the-art methods while ensuring accurate reference
tracking. Furthermore, the practical identifiability impli-
cations are analyzed in light of the obtained results.

2. PROBLEM FORMULATION

Let us consider a generic nonlinear system X, whose
dynamics can be described using a state-space model,

i = f(z,u,)
=0 {, lep) .

where z, u, and y are the state, input, and output vectors,
respectively. The functions f and h also depend on the
parameter vector 6.

The system presents the particularity that the output
to be controlled, from now on denoted as y;, is non-
measurable, but another output, from now on denoted as
42, is measurable. For the purpose of analyzing specific
subsets of outputs, we define the subsystems ¥; and Yo
as the systems obtained from ¥ by selecting y; and yo as
the output vectors, respectively,

= f(z,u,0) i = f(z,u,0)
) {yl = hy(z,0)’ Z2(6) - {y2 = ho(z,0)" 2)

The subsystems are characterized by X1 being differen-
tially flat and X5 being structurally identifiable.

The control objective is for the output y; to track a
reference signal using only the measurement of y,. The
proposed control scheme, which exploits the repetitive
operations of many electromechanical systems, aims to
solve this problem under uncertainty in the value of 6.

3. CONTROL

The conceptual idea of the controller is schematized in
Fig. la. It includes a feedforward term that computes
the input signal ugs based on the desired reference signal
y{ef of the non-measurable output. Meanwhile, a predictor
calculates the expected measurable output . The input
signal is applied to the electromechanical system to make
it follow the predefined trajectory, and the prediction error
ea = Yz — Yo is used to calculate a performance index J.
Finally, the run-to-run adaptation law updates the model
parameters 6 involved in both the feedforward controller
and the predictor to reduce es in subsequent cycles.

8.1 Open-loop control: Flatness-based control blocks

The conceptual idea in Fig. 1a requires numerical integra-
tion to compute the predicted output g». The use of the
flatness property, however, results in the more computa-
tionally efficient control scheme depicted in Fig. 1b.

A feature of flat systems is that the states z and inputs u
can be expressed as functions of the input y and a finite
number of its derivatives,

3 isflat <— {ac - x(yl’gl’?“ ""9). 3)

U= u(y17y17y17 79)
This enables the straightforward design of feedforward
controllers by means of model inversion. The system input
to be applied can be computed by substituting y; and its
derivatives with the desired output y;°f and its derivatives,

wgr(t0) = (i, 1, 51T, ., 0). (4)

On the other hand, a predictor is also proposed. Given (2)
and (3), the flatness property also enables computing the
predicted output vector ¢ from y{Cf and its derivatives,
Ql (t7 é) = hl (-Z' (yiefa y{efa yl{ef7 a3 é) ) é)a
~ N ref -ref :ref AN (5)
y2(t7 6) = h2 (.Z' (yl YY1 Y1 5 6) ) 6) .
Note that, as the predictor is designed by model inversion,
9 = yih.
In this manner, both the controller and the predictor
are defined by analytical expressions, which offers an

improvement over the general idea depicted in Fig. la by
eliminating the need for numerical integration.

This work is licensed under CC BY-NC-ND 4.0. To view a copy of this license, visit https://creativecommons.org/licenses/by-nc-nd/4.0/


https://doi.org/10.5281/zenodo.17865455
https://creativecommons.org/licenses/by-nc-nd/4.0/

Preprint submitted to Zenodo on December 9, 2025. DOI: 10.5281/zenodo.17865455

3.2 Structural identifiability: tracking guarantee

In any electromechanical system, several factors lead to
discrepancies between control parameters 0 and system
parameters 6, ranging from manufacturing tolerances to
system wear. This reduces the controller accuracy and
introduces prediction errors. To address this, structural
identifiability of the system is analyzed to determine if the
parameters can be accurately estimated.

Structural identifiability (Vajda et al., 1989) is a theoret-
ical property that ensures that the model parameters can
be uniquely determined from the input—output behavior
under ideal conditions, i.e., noise-free measurements, no
disturbances, and sufficient excitation. In other words, two
distinct parameter sets must always result in different
outputs for identical initial conditions and inputs. Let
I0%(0) : u(t) — y(t),Vt € [to, t¢] be the input-output map
of a system ¥ in the time-domain interval from tg to ¢
with initial state 2o(#). Structural identifiability implies,

105, (0) = 105, (0) < 6 = 0. (6)

where 10y, (0) and IOs, () represent the input-output
maps of the system and predictor considering the measur-
able output, y» and 7, respectively.

Then, provided that the controlled-output function h; also
depend on the same parameter vector 6 (2), it follows that

=0 — I0s,(0) =10, (6), (7)

where 105, (0) and IOs;, (A) represent the input-output
maps of the system and the predictor with y; and g as
output, respectively.

Since all input-output maps share the same input u s, and
under the condition of sufficient excitation, matching the
predicted and measured outputs (92(t,0) = y2(t,6), Vi)
implies that the system parameters are correctly esti-
mated. This implies that the true output equals the pre-
dicted output, which, in turn, coincides with the reference

by design (yl (ta 6) =1 (ta é) = yief(t)a Vt)
3.8 Iterative feedback loop: Run-to-run adaptation

Due to the identifiability property, the predicted error es
reports discrepancies between the reference 31°f and the
actual output y;. However, no mechanism is currently
available to correct these discrepancies. A natural choice
would be real-time feedback strategies, but these are not
suitable: es does not provide a quantitative value of the
trajectory error, simultaneous state—parameter estimation
is unreliable due to accumulation of initial errors, and real-
time ey control invalidates the identifiability conclusions,
due to, by IOy definition, es(t) = 0, V¢ € [to,t¢] with
2o(0) that are not known at midstream. As alternative,
leveraging the repetitive nature of a wide variety of elec-
tromechanical systems, an R2R strategy is adopted.

The proposed R2R strategy consists of a cost-evaluation
block that returns a performance index J, and an it-
erative adaptation law that updates the parameters of
both the controller and the predictor to optimize J. A
key advantage of this structure is its flexibility, as it is
compatible with a wide range of algorithms adapted to

online optimization available in the literature. The index
J is computed from the measurable output error,

te

J:/ e2(t)T ea(t) dt, (8)
to

where the interval [to,f] is large enough to capture the

theoretical repetitive operation dynamics. Therefore, by

structural identifiability, minimizing the error in the mea-

surable output theoretically identifies the system parame-

ters, and ensures tracking of the reference signal t°f.

4. CASE STUDY

To demonstrate the effectiveness of the proposal, the soft-
landing control problem in commercial electromechanical
switching devices is considered. Uncontrolled activations of
these low-cost devices cause strong impacts between fixed
and movable components, leading to undesirable phenom-
ena. This motivates designs of soft-landing control for the
position of a movable component that is unmeasurable.

These devices are based on a single-coil reluctance actua-
tor. We consider a system with linear gap reluctance and
magnetic saturation in the core. Following the description
provided in Moya-Lasheras et al. (2023), the system can
be described by a state-space model as

z =w,
;=120 :%(—ks(z—zs)—cfv—%kg)\z),

A= R (Reo bz =)+ (g

B Y1 =z,
YTl = A (Reo + by 2+ ).

where the state variables z, v, and A are the position of the
component to be controlled, its velocity, and the magnetic
flux linkage, respectively. The outputs are y; the non-
measurable position and ys the measurable coil current.
The input u is the voltage, and the remaining parameters
are constants that form the parameter vector p that defines
the system,

p=[m ks 25 ¢ kg Rgo Reo dsat R]T. (10)
The control proposal requires a model that is differentially
flat (with y; as the output) and structurally identifiable
(when y, is measured). The previous model does not
satisfy the latter condition, because some parameters
exhibit a structural correlation, e.g., m, ks, ¢f, and kg. To
resolve this, we apply the following state transformation:
1 = Rgo + kg2, z2 = kgv, 3 = A. This results in an
identifiable alternative realization,
T1 = w2,

i = o =—0121 —Oyx0 — 5 043" — 0,

i:3 = —97 I3 (fEl =+ 17|£W) +U7

Y1 = 71,
y= 0
Y2 = T3 («771 + m)a
where the new parameter vector, § € R7, is formed by a
nonlinear combination of p, 8 = ¢(p), with

(11)

01 = ks/m, 02 = c¢/m,
03 = —kg (kg Zs + Rgo)/m7 0y = k;/m, (12)
95 = 7?'007 96 = )\saty 97 =R.
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Table 1. Nominal model parameter values

Parameter Value Parameter Value
Reo 1.35H1 Zmin 0
Asat 0.0229 Wh Zmax 103 m
Reo 3.88H! m 1.6 x 103 kg
ke 7.67H™!/m ks 55N/m
R 50 Q Zs 0.0181m

The structural identifiability property of this model can be
demonstrated by means of the Local State Isomorphism
theorem (Vajda et al., 1989). It is also straightforward
to check that the model remains flat with y; as the flat
output.

5. SIMULATED RESULTS

In this section, we present results obtained by simulation.
The objective is to analyze whether the control scheme
is able to replicate the desired trajectory and whether the
adaptation law estimates the true values of the parameters.
Both premises are evaluated under the condition of solving
the soft-landing problem of electromechanical switching
devices, i.e., to achieve that the movable component of
these devices reaches the end-of-stroke with zero velocity.

The new proposal, denoted as R2R-IM (R2R-Indirect
Measurement), is compared to a previous approach pre-
sented in Moya-Lasheras et al. (2023), denoted as R2R-DM
(R2R-Direct Measurement). While R2R-DM minimizes a
cost function J based directly on the impact velocity, v,
the proposed R2R-IM utilizes the indirect measurement
of yo (coil current). For a fair comparison, both control
schemes use the same feedforward controller and optimiza-
tion method.

5.1 Description of the simulated experiments

In the simulations, it is assumed that the dynamics of the
system is completely described by the model equations
previously presented in (9). The feedforward controllers
of both strategies being compared, i.e., R2R-DM and
R2R-IM, and the model-based predictor of R2R-IM have
been designed by inversion of the model (11), as explained
in Section 3.1. Note that while the simulated system and
the control blocks utilize different representations, they
represent the same underlying dynamics. Nevertheless, it
is assumed that there is some uncertainty in the parameter
values initially used by the controller, as occurs in real
scenarios due to manufacturing tolerances. To emulate
this, 10000 devices have been generated, creating 10000
different p-vectors (10), varying the parameters of the real
device randomly and independently, with a uniform prob-
ability distribution between 95 % and 105 % of p"°™, the
nominal values of p (see Table 1). Note that the variability
in the identifiable parameters 6 of the devices generated
can exceed £5%, because these are combinations of p (12),
0 = p(p™°™ (1 + €)) where € ~ U(—0.05,0.05).

To analyze both control schemes, two Monte Carlo analy-
ses are conducted. These analyses comprise 10000 trials,
with each trial performing a sequence of 600 switching
operations. In the first operation, the control uses the
nominal parameter vector, § = gnom = w(p™°™). In subse-

quent operations, 0 is adapted via an optimization method
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Fig. 2. Analyzed indices as a function of the number of
switching operations. The graphs show the median
value (pso), the interquartile range ([pe2s, prs]) and
the 10th to 90th percentile interval ([pio, poo]) of
the distribution of values obtained for the 10000
simulated experiments. On the left are the results
using the R2R-DM, and on the right are the results
using the proposed R2R-IM

based on the Nelder-Mead method (Nelder and Mead,
1965). The last parameter 67, i.e., the coil resistance R, is
excluded from the adaptation law because it can be easily
estimated from the voltage (input «) and current (measur-
able output y2) in steady state. Note that R2R-DM would
require an additional measurement or knowledge of the
resistance.

ref

With respect to yi®, a Tth-degree polynomial is used to
define it. The coefficients have been tuned to produce a
reference similar to that reported in Serrano-Seco et al.
(2023), while ensuring that they satisfy the soft-landing
requirements. The duration of the defined il has been
set to 4.5 ms, ensuring that the trajectory is feasible,
i.e. compatible with the system dynamics, for all 10000

different 6-vectors.
5.2 Results and discussion

Different indices are analyzed from the control results.
Firstly, since the objective of soft-landing control is to re-
duce the impact energy, Fig. 2a illustrates the distribution
of impact velocities v. obtained along the operations. To
highlight the control effectiveness, the graphs also include
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Fig. 3. Position trajectories obtained in the last iteration of
the 10000 simulated experiments. Only the trajecto-
ries corresponding to the worst cases of Fig. 2b (case
1) and Fig. 2¢ (case 2) are plotted. On the left are
the results using R2R-DM, and on the right are the
results obtained with R2R-IM

the mean cost of a conventional non-controlled switching
operation (specifically, with a 30 V constant activation).
As can be seen, even though the new proposal does not
use the impact velocity for the adaptation law, similar
results can be observed between both strategies. If we
examine the value of the 90th percentile at iteration 600,
the impact-velocity reduction only increases from 2.15 %
to 3.5% with the new proposal. However, if we examine
the value of the median, with the new control scheme, the
initial convergence is faster, achieving the same final value.

The second aspect to assess is whether the new proposal
improves reference tracking. To facilitate a more inter-
pretable analysis, instead of comparing y; of the identi-
fiable model, we compare the corresponding position tra-
jectories: the position z generated by the simulated device
and the reference trajectory zf, which can be derived
from y; and yi°f. Fig. 2b represents the distribution of
the normalized root-mean-square position error NRMSE,
obtained along the operations,

NRMSE, = tt;)f (2(t) — Zref(t))2 dt
Z i zer?(t) dt

As can be seen, R2R-IM reduces position errors further as
the number of operations increases, whereas the previous
approach R2R-DM converges to larger errors.

(13)

It is worth noting that although the tracking errors from
both control squemes may seem comparable, the effect
can be significant in certain devices. As an example,
electromechanical relays should complete movement in a
reduced time interval to prevent electric arcs and reduce
wear (Ksiazkiewicz et al., 2019). The instant at which the
movable component contacts the end-of-stroke and does
not take off again is denoted as the impact time, t.. The
t. error distribution is shown in Fig. 2c. As illustrated,
the new control scheme considerably reduces the t. error
window from 1.5ms to 0.4 ms.

To illustrate the effect on the position trajectory, Fig. 3
displays the trajectories at the final iteration (k = 600)
corresponding to the worst-case scenarios identified in
Fig.2b (case 1) and Fig.2c (case 2). As can be seen,
R2R-DM reaches impact velocities close to zero, but
with a different trajectory than expected. This can be
attributed to the presence of multiple points in the search
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Fig. 4. Normalized adapted-parameter values with respect
to the real ones as a function of the number of
switching operations. Each graph shows the median
value (pso), the interquartile range ([pes, prs]) and
the 10th to 90th percentile interval ([pio, poo]) of
the distribution of values obtained for the 10000
simulated experiments using R2R-IM

space of the iterative adaptation law with costs similar
to the global minimum, i.e., that achieve soft landing.
Conversely, R2R-IM, exploits the identifiability property
to ensure that the cost function reaches zero only at § = 6.
Consequently, this approach not only achieves soft landing
but also accurately tracks the reference trajectory and
lands at the desired instant.

5.8 Parameter identification discussion

The previous subsection has demonstrated that R2R-IM
solves the soft-landing problem as well as R2R-DM, while
achieving trajectory tracking. However, the question re-
mains whether it is capable of identifying the model pa-
rameters to ensure tracking.

Fig. 4 shows the evolution of the optimized parameters
of the identifiable model, é, normalized with respect to
the true values, #. Surprisingly, only half of the adapted
parameters (93, é4, and é6) converge to the true values.
To understand why the parameters are not correctly esti-
mated despite the fact that position tracking is achieved,
a sensitivity analysis is performed.

The lack of identifiability of certain parameters arises
because the control scheme was developed under ideal con-
ditions, assuming sufficient excitation for their identifica-
tion. In practice, however, practical identifiability must be
assessed. To analyze practical identifiability, the sensitivity
of g5 with respect to the control parameter vector, 8, has
been calculated. Additionally, the sensitivity of y; with
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Table 2. Dimensionless integrated-squared
sensitivities with respect to the parameters

él éz é3 é4 95 éG
89219 x 104 9x10~12

0.520 1 0.005 0.217

SY1| 0.001 6x10712 0.478 1 0.003 4x10~%

respect to 6 has been computed to analyze the effect of
each parameter on the tracking performance.

Table 2 summarizes the dimensionless integrated-squared
sensitivity vectors SY2 and SY!, where each element is
calculated as follows:
koY)’ .
S}’:f)?/ < g;( )) dt, SY =5Y/max(SY), (14)
to i

where the superscript ) refers to the analyzed output.

As observed, the parameter convergence results and the
sensitivity analysis lead to the same conclusion. Parame-
ters ég and 94 exhibit a significant influence on the unmea-
sured trajectory yi, implying that parameter errors could
degrade tracking performance. However, this does not pose
an issue because they also show high sensitivity with
respect to the predicted output .. Since the controller
drives the measured y, to 93, these parameters are reliably
identified, ensuring the correct trajectory is maintained.
In contrast, 96 presents the ideal case: it has a negligible
impact on y;, and it can be identified because the predicted
output g shows appreciable sensitivity to this parameter.

In essence, tracking is achieved if y; is only sensitive to
the control parameters that sensitize gs, which can be
estimated with precision.

6. CONCLUSION

This paper presents a feedforward control scheme for
electromechanical systems in which the output to be
controlled cannot be directly measured or estimated. The
method avoids real-time feedback by employing a run-
to-run adaptation law that tracks a reference using the
predicted error of an auxiliary output, requiring only an
identifiable flat model.

Applied to soft-landing control of electromechanical switch-
ing devices, the control scheme achieves impact-velocity
reduction comparable to a strategy that directly optimizes
impact velocity, while preserving reference tracking and
improving trajectory-level position control. Furthermore,
a sensitivity analysis confirms that trajectory tracking can
be achieved even under conditions of insufficient system
excitation.

Future work will extend the feedback loop to exploit
the full time-domain prediction-error signal, rather than
relying solely on its integral, to potentially improve both
tracking and parameter estimation.

DECLARATION OF GENERATIVE AI AND
AI-ASSISTED TECHNOLOGIES IN THE WRITING
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for the content of the publication.

REFERENCES

Fu, X., Yang, X., Zanchetta, P., Tang, M., Liu, Y., and
Chen, Z. (2022). An adaptive data-driven iterative
feedforward tuning approach based on fast recursive
algorithm: With application to a linear motor. IEFEE
Trans Ind. Informat., 19(4), 6160-6169.

Ghadbane, H.E., Barkat, S., Djerioui, A., Houari, A.,
Oproescu, M., and Bizon, N. (2024). Energy manage-
ment of electric vehicle using a new strategy based on
slap swarm optimization and differential flatness con-
trol. Sci Rep, 14(1), 3629.

Ksiazkiewicz, A., Dombek, G., and Nowak, K. (2019).
Change in electric contact resistance of low-voltage
relays affected by fault current. Materials, 12(13), 2166.

Lévine, J. (2011). On necessary and sufficient conditions
for differential flatness. Appl. Algebra Eng., Commun.
Comput., 22(1), 47-90.

Li, A., Huang, H., Zhang, P., Su, Y., Zhang, Y., Wang, L.,
Liu, Y., Wang, Y., and Wu, Z. (2024). Determination of
crosstalk in a dual-axis piezoelectric mems mirror and
suppression with feedforward algorithms. IEEE Sensors
J., 24(20), 32272-32282.

Lobe, A., Ettl, A., Steinbock, A., and Kugi, A. (2018).
Flatness-based nonlinear control of a three-dimensional
gantry crane. IFAC-PapersOnLine, 51(22), 331-336.

Moya-Lasheras, E., Ramirez-Laboreo, E., and Serrano-
Seco, E. (2023). Run-to-Run Adaptive Nonlinear Feed-
forward Control of Electromechanical Switching De-
vices. IFAC-PapersOnLine, 56(2), 5358-5363.

Nelder, J.A. and Mead, R. (1965). A simplex method for
function minimization. Comput. J, 7(4), 308-313.

Rigatos, G.G. (2015). Nonlinear control and filtering
using differential flatness approaches: applications to
electromechanical systems, volume 25. Springer.

Sachs, E., Guo, R.S., Ha, S., and Hu, A. (1991). Process
control system for VLSI fabrication. I[IEEE Trans.
Semicond. Manuf., 4(2), 134-144.

Sarkar, A., Dasmahapatra, S., Chaudhuri, S., Saha, R.,
Mookherjee, S., and Sanyal, D. (2024). A novel order-
separated generalized feedforward design for motion
control in energy-efficient electrohydraulic system with
proportional and integral feedback. ISA Trans., 146,
336-351.

Serrano-Seco, E., Ramirez-Laboreo, E., Moya-Lasheras,
E., and Sagues, C. (2023). An audio-based iterative
controller for soft landing of electromechanical relays.
IEEE Trans. Ind. Electron., 70(12), 12730-12738.

Sun, S., Romero, A., Foehn, P., Kaufmann, E., and Scara-
muzza, D. (2022). A comparative study of nonlinear
mpc and differential-flatness-based control for quadrotor
agile flight. IEEE Trans. Robot., 38(6), 3357-3373.

Tesfazgi, S., Lederer, A., Kunz, J.F., Ordénez-Conejo,
A.J., and Hirche, S. (2023). Model-based robot control
with gaussian process online learning: An experimental
demonstration. IFAC-PapersOnLine, 56(2), 501-506.

Vajda, S., Godfrey, K.R., and Rabitz, H. (1989). Similarity
transformation approach to identifiability analysis of
nonlinear compartmental models. Math Biosci, 93(2),
217-248.

This work is licensed under CC BY-NC-ND 4.0. To view a copy of this license, visit https://creativecommons.org/licenses/by-nc-nd/4.0/


https://doi.org/10.5281/zenodo.17865455
https://creativecommons.org/licenses/by-nc-nd/4.0/

