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Abstract— This paper presents a control framework for rotor
angular velocity regulation in multicopter systems operating
within the PX4 autopilot environment, where direct rotor-
speed commands are not natively supported. To bridge this
gap, the propulsion channel is modelled as a nonlinear, input-
constrained, delayed single-input single-output system using
a Hammerstein structure. Based on this representation, a
nonlinear predictive functional control (NPFC) scheme is de-
veloped, combining a linear predictive functional controller
with numerical inversion of the static nonlinearity. A simplified
linear PFC formulation is employed to reduce computational
complexity, while real-time feasibility is maintained through
efficient inversion methods, including a golden-section search
and a look-up table approximation. Input-to-state stability of
the closed-loop system is formally established using Lyapunov
analysis. The proposed controller is experimentally validated on
a physical multicopter platform, demonstrating stable and ac-
curate performance in both set-point regulation and trajectory
tracking tasks. Results show that the look-up table approach
achieves comparable accuracy to optimisation-based inversion
with significantly reduced computational effort. Furthermore,
the controller exhibits robustness against model-plant mis-
match and maintains satisfactory performance under system
delays.

I. INTRODUCTION

Model-based control of multicopter systems typically
yields desired rotor angular velocities w as control inputs for
stabilisation and trajectory tracking [1], [2], [3]. In practice,
however, widely used flight stacks such as PX4 [4] do not
support direct rotor-speed commands, but instead require
normalised actuator inputs. This necessitates an additional
control layer that maps desired angular velocities to admis-
sible inputs while accounting for actuator dynamics.

The resulting propulsion subsystem exhibits nonlinear,
input-constrained, and delayed behaviour and is therefore
in this work treated as a single-input single-output (SISO)
black-box system. Classical approaches, such as PID control,
typically neglect delays or compensate for them heuris-
tically, which can limit performance. While Hammerstein
models provide an effective representation of such systems
by combining static input nonlinearities with linear dynamics
[5], [6], their use in predictive control has primarily been
explored within nonlinear model predictive control (NMPC)
frameworks [7], [8], [9].
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In contrast, the integration of Hammerstein models with
Predictive Functional Control (PFC) [10] remains limited. A
notable example is [11], which applies a Hammerstein-based
nonlinear PFC scheme, but lacks rigorous stability guar-
antees. Moreover, predictive control approaches for rotor-
speed regulation under realistic constraints—such as actuator
saturation and delays—remain largely unexplored.

To address these gaps, this paper proposes a Hammerstein-
based nonlinear PFC framework for rotor-speed control in
PX4-based UAV systems. The approach explicitly accounts
for nonlinearities, input constraints, and delays, while main-
taining low computational complexity. A Lyapunov-based
analysis establishes input-to-state stability of the closed-loop
system. The method is validated experimentally on a multi-
copter platform, demonstrating accurate tracking, robustness
to model mismatch, and practical feasibility for embedded
implementation.

II. CONTROLLER DEVELOPMENT
A. Predictive Functional Control

A key advantage of PFC is its natural handling of system
delays: delayed measurements are compared directly to the
corresponding delayed model outputs, providing effective
delay compensation. This property, coupled with its low
computational cost, makes it a suitable choice for this
study. A remaining challenge, however, is that the plant
under consideration exhibits nonlinear behaviour, whereas
the employed PFC formulation is inherently linear.

This section presents a reduced formulation of linear PFC,
consistent with the implementation used in this study. A
detailed treatment of PFC can be found in [10].

PFC is a model-based control strategy in which the dis-
turbance or model—plant mismatch is defined as

d(t) = yP(t) - ym(t)a (1)

where y,(t) denotes the measured plant output and Yy, (s) =
L{ym(t)} = Gn(s)U(s) the corresponding model predic-
tion, with the system model Gy,(s) and control input U(s).
At steady state, the dynamics are reduced to

Yinss = GmussUss- 2)
Using the static gain kg = G5 and ugs = Uss,
Yinss = KoUss. 3)
Thus, for the process output, with D(s) = L{d(t)},
Yoo = kotss + Dgs = kouss + dos. 4)



The controller objective is to track a constant reference r,
which yields

r ; Y;J,ss = kouss + dss (5)

dss). (6)

Since dg is unknown but y,(¢) and yy(t) are measurable,
the control law becomes

u(t) = kg (r = (s (t) = ym(t)))- ()

B. Application to the Hammerstein model

Ugs = kal(r—

The PFC framework can be extended to systems repre-
sented by Hammerstein models in order to address nonlinear
applications. A Hammerstein model consists of a static
nonlinear block followed by a linear dynamic subsystem [5].
This structure offers notable advantages, as the control of the
linear subsystem is well established in the literature. Con-
sequently, only the incorporation of the static nonlinearity
must be addressed, which is comparatively straightforward
due to its memoryless nature. Its general representation in
the Laplace space is given by

Y(s) = G(s)L{f (u(t))} ®)

where G(s) describes an arbitrary linear system, and f(u(t))
is a static nonlinear mapping of input u(t). Hammerstein
models are widely used because they retain sufficient nonlin-
ear representation while preserving linear dynamic structure,
which facilitates system identification and controller design.
As shown earlier, a central PFC operation is the inversion of
the static mapping. This extends directly to (8), yielding

Ym(s) = Gm(s)ﬁ{fm(u(t))}a )

where Gy () is the linear subsystem model and fi,(-) is the
nonlinear static model. Because the linear portion can be
reduced to pure dynamics,

Gmgss = ko = 1. (10)
Using (1)-(7) the steady-state control law becomes
Yinss = GmassL{fm(tss} = fim(tss) (11)
r = Yy = Yinss + D (12)
= fm(uss) + dss (13)
U = fin ! (1 = dss)- (14)

This makes sense logically, as the control input at steady
state is the reference inverted through system dynamics and
corrected by the disturbance. Since dy, is unknown but ()
and ym(t) are measurable, the control law becomes

u(t) = fu ' (r = () = ym(1)))-

Equation (15) highlights a practical difficulty: analytical
inversion of the nonlinear mapping fi(-) is generally not
available. In this study, fm(u(t)) is strictly monotonically
increasing on u € [0.1,1), allowing the inverse to be
computed numerically via

IrhinJ =(- fm(u))27

15)

(16)

where J denotes the Cost function and [ the function output
to be inverted, which has a unique global minimiser u* sat-
isfying fn(u*) = I. This resolves the nonlinear inversion at
the cost of additional computation, though efficient numerical
solvers maintain real-time feasibility.

C. Stability Analysis

If a Hammerstein model, like (8), can describe a system,
under the assumptions that

1) the linear part is stable and controllable,
2) the linear part’s static gain is 1,

3) the nonlinearity is locally Lipschitz,

4) the input is constrained on u € (0, w].

The delayed system can be written in controllable canonical
form as

x(t) = Ax(t) + Bf(u(t — Ta)) (17)
yp(t) = Cx(t) (18)
0 1 0 0
0 0 1 0
A= S (19)
0 0 0 1
ag ay az a,—1
n n 1 Tn n
B=[0 =], c=[1o0 - 0],
(20)
where ay, ay.1, ..., ag denotes the parameters of the denomi-

nator of G(s), f is a static nonlinear function and Ty is the
input delay. At equilibrium, with ug = f5!(r — ds), the
steady-state conditions become

il,ss = X255 = 0 (21)
Togs = X355 = 0 (22)
(23)
in,ss = 7(101,1 ss T2.s8 +--- = o1 Tn,ss
n n Gn
1 _
JFif(fml(T*dSS)) (24)
Gn
a 1
=z —f(fal(r—dy) =0 (29
n n
1
Tlss = *f(frgl(rfdss)) =, (26)
ag

T .
and thus xi = [c 0 0] ', with unknown constant
c for the settled system. Defining the deviation coordinates
yields

z21(t) =x1(t) —c=x1(t) = z1(t) + ¢
zi(t) = xi(t) = xi(t) = % (t), i=2

27)

RS



Zl(t = $1<t = $2<t = Z2 t) (28)
Zg(t = Xt =3 t) = z3 t) (29)
Za1(t) = Tna (t) = 20 (t) = 20(2) (30)
n(t) = dn(t) = —?Il(t) — ) +
_ “;: 2o (t) + a—nf(u(t —Ty)) (31)
= 2z (t) + o) - a(t) +
_ Ol () + ai f(u(t —Ty)) (32)

Because the linear part is stable, there exists for any Q =
Q" >0aP=PT >0 with

AP +PA=-Q. (33)
Choosing the Lyapunov candidate as
V(z) =z ' Pz, (34)

we get for the closed-loop system
V(z) = 2" Qz+ 22 PB(f(fn ' (r — d(t — Ty))) — apc)
(35)

=-2'Qz+2z'PB
(f(fa ' (r = d(t = Ta))) = f(f5 ' (r — dis)))-

In equilibrium, the second part of the equation becomes 0.
Therefore, we can define the distance to equilibrium function

&(t) as
(t) = f(fo'(r—d(t = Tw) — f(f5 ' (r — ds))
gss =0,

which is bounded as the input is constrained and f(u(t)) is
locally Lipschitz over u(t). This aligns with Input-to-State
Stability (ISS). The derivative of the Lyapunov function is

V(z) = —z' Qz + 2z PBE(2). (39)

Based on the Cauchy-Schwarz inequality 2z' PBE(t) <
2|1z||||IPB]||£(t)] it becomes

V(z) = ~z' Qz + 2||z|| |PB][|£(1)-

Applying Young’s inequality with an arbitrary constant € > 0

(36)

(37
(38)

(40)

1 €
< ¢ —z2
£(®) 2l < 5-€2(t) + 52 @1
Substituting (41) into (40) yields
. 1
V()< —z'Qz+ EIIPBH&Q(t) +¢|PB|z®.  (42)

Choose the ISS gain with constant limit p > 0 and arbitrary
function v(t)

) = ey, 43)
e —p
so that for z,¢ : ||z]| > x(|¢])
(1) < (& — p)a. (@4

Fig. 1.

Picture of the Hardware used for experiments

Combining (44) with (42) gives

V(t) < —2"Qz— 2|PB|2® + 2¢|PB|z>.  (45)
€
Defining
a = Anin(Q) + (3 - 26) IPB, (46)
€
(45) becomes .
V(t) < —az’. 47)

Hence, the closed-loop system is ISS for p > 2¢2.

III. APPLICATION OF NONLINEAR PFC TO ANGULAR
VELOCITY CONTROL WITH PX4

A. Set-Up

1) Hardware: The controller developed in the previous
section is evaluated on a physical multicopter propulsion
system. The experimental platform is shown in Fig. 1. The
system employs a Holybro Pixhawk 6X flight controller
running the PX4 autopilot firmware. The Pixhawk inter-
faces with the Electronic Speed Controller (ESC), a T-
Motor MN3510-13, via a pulse-width modulation signal.
Communication with the controller is established through the
MATLAB PX4 Toolbox, which provides convenient access
to the PX4 middleware but restricts the firmware version to
PX4 v1.14.3.

The ESC is driven using the PX4 Actuator Write block,
which accepts a normalised throttle command upx4 € [0, 1],
corresponding to the percentage of the maximum rotor speed.
Due to hardware constraints—and because any value below
upx4 = 0.1 shuts down the rotor and is therefore treated as
the discrete state “off’—the effective control domain in this
work is restricted to u. € [0.1,1).

Rotor is measured using a Littelfuse 55100 miniature
flange-mount Hall-effect sensor. A ThunderFly TFRPMOI1
module processes the Hall sensor output and generates a
digital revolution count, which is transmitted to the Pixhawk
via an I2C interface. A custom PX4 extension interprets this



count to generate an internal message providing rotor angular
velocities in rad/s.

Although each subsystem (PX4, ESC, motor, and sensor)
can be analysed individually—PX4 and the ESC firmware
are fully open source—deriving a complete analytical model
would require significant effort. Consequently, the over-
all propulsion channel is treated as a nonlinear, input-
constrained, delayed, SISO black-box system.

2) Model: The propulsion system is represented using a
Hammerstein model of the form

(1) = [_0 2
T T,
Yp(t) = [1 0] x(t)

flue) = vo,5ug‘5 + vg + ViU + vguf + vgug’ + v4uf,
(50

0
L | fluc(t = Ta))  (48)

x(t) +

(49)

where T}, denotes the system time constant, Ty the input
delay, and vg 5, v0,...,v4 are the coefficients of the static
nonlinear mapping.

Parameter identification is performed in two stages. First,
the nonlinear static mapping is simplified to f(u.(t)) =
kuc(t) via a coarse estimate of the static gain k. Under
this simplification, the parameters 7}, and Ty are identified
by minimising the discrete-time squared error between the
measured output y, (k) and the model output yy, (k):

(yp(k) — ?/m(k))Q

min

jnin ShH

Once the dynamic parameters are obtained, the full non-
linear function f(uc(t)) is parameterised. The coefficients
0.5,00, - --,V4 are determined by minimising the same
squared-error criterion between measured and simulated out-
puts.

The resulting parameter set is provided in Table I for
completeness.

TABLE I
PARAMETERS OF THE SYSTEM MODEL
Parameter  Value Parameter Value
T 0.129 V1 969.8
T4 0.096 v 1312.3
V0 0 v3 -3191.2
0.5 -125.0 Vg 1737.5

B. Inversion of the static nonlinearity

To control the physical system described in Section III-
A, the control framework developed in Section II is imple-
mented. A key requirement is the computation of the inverse
nonlinearity f~'(u.). Two approaches are considered: (i)
numerical inversion via a sequential search method based on
the golden-section algorithm and (ii) a discretised look-up
table approximation.

1) Golden-Section Search for f~'(u.): In the initial
implementation, the inverse mapping is obtained using a
univariate optimisation routine employing the golden-section
search. This method iteratively contracts a bounded interval

by evaluating the cost function J(u.) at two interior points
whose locations depend on the golden ratio. Starting from
an initial interval [ag, bo] with length dy = by — ag, two
candidate points x; and x5 are computed at iteration k as

= bp—1 — dg, (52)
Top = ap—1 + di. (53)

X1,k

The interval is then updated according to the relative values
of J(z1,) and J(z2x):

if J(Il,k) < J(Ig,k) = A = Qk—1; bk = T2k,
if J(.Il,k) > J($27k) = A = T1,k; bk = bk—l-

(54)
(55)

This process yields a contracted interval [ay, by| for the sub-
sequent iteration. The contraction step size dj, is determined
using the golden ratio:

k
—1 —1
dy, = <\/52 > dg—1 = <\/52 ) do (56)

Iterations proceed until the termination condition |by, —ay| <
0.01 is satisfied. For all tests in this study, the initial interval
was set to [0.1, 1).

2) Look-Up-Table Approximation: Given the limited com-
putational resources of the embedded system, an alterna-
tive look-up table-based approach is also investigated. In
nonlinear applications, look-up tables typically require a
large number of stored data points; however, the termination
threshold used in the optimisation scheme indicates that a
discretisation into 89 equidistant samples over [0.1, 1) is
sufficient to meet the desired resolution. Specifically, the set
of values over [0.1 : 0.01 : 1), with the final element defined
as 1 — ¢ (where ¥ denotes the smallest representable number
in the target programming language), is used to populate the
look-up table.

Employing the look-up table reduces online computational
load at the expense of a minimal increase in memory
usage. This trade-off is favourable for the hardware platform
considered, and both inversion methods are evaluated for
feasibility.

C. Experimental verification

1) Set-point tracking: To evaluate the controller’s per-
formance, a set-point tracking experiment was conducted.
The PFC was required to follow a sequence of reference
steps. The reference angular velocity was increased by 100
rad/s every 5 s, ranging from 100 rad/s to 600 rad/s.
The resulting closed-loop step response for the inversion
with optimisation is shown in Fig. 2. It should be noted
that the experiment—and therefore the plot—begins at 20
s. This offset arises because the measurement tools did not
start recording at time zero, but approximately at 10 s. An
additional 10 s margin was added to avoid complications.

Controller performance was assessed by computing the
error between the reference and the plant measurement
yp(t). The square root of the squared error is shown on
a logarithmic scale in Fig. 3. A logarithmic representation
highlights both the large deviation at step transitions and the
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Fig. 3. Square root of squared tracking error on a logarithmic scale

small tracking errors during steady-state operation, thereby
improving interpretability. Fig. 3 illustrates the square root
of the squared error for the first reference step. Starting
from the initial deviation, the error approaches zero within
approximately 0.6s, exhibits a slight overshoot, and stabilises
thereafter. This behaviour is repeated for all subsequent steps,
confirming stable closed-loop performance.

For the delayed system and the inversion using the look-up
table, the corresponding plots show no significant differences
from Figs. 2 and 3; therefore, they are omitted for brevity.

Table II summarises the maximum error, minimum error,
root-mean-squared (RMS) error, and each error’s magnitude
relative to the hover angular velocity (524.61 rad/s), for all
three configurations: optimisation without delay compensa-
tion, optimisation with delay compensation, and the look-up-
table-based inversion for the settled system. From Table II,

TABLE 11
TRACKING ERROR METRICS
Error type Owod' Owd? LUT?
Max Absolute 11.89(2.3%) 17.37(3.3%) 10.49(2,0%)
Min Absolute  6-10~4(0.0%) 8-10-%4(0.0%) 3-10~%(0.0%)
RMS* 1.94(0.4%) 3.32(0.6%) 1.64(0.3%)

! Optimisation without delay in rad/s(% of hover)
2 Optimisation with delay in rad/s(% of hover)

3 Look-Up Table in rad/s(% of hover)

4 Root Mean Squared
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Fig. 4. Comparison of ¥, to ym

it can be observed that the controller remains functional
even without delay compensation, although performance
degrades slightly on average. The controller without delay
compensation exhibits instability at higher PFC operating
frequencies. Graphics demonstrating this behaviour are omit-
ted for brevity. Comparing the optimised controller with
the look-up-table-based approach shows that both achieve
similar accuracy. Thus, the look-up table constitutes a viable
alternative to optimisation in this application. In all three
cases, the closed-loop system exhibits stable behaviour, and
the resulting errors are sufficiently small for practical use.

To demonstrate the controller’s inherent capability to
compensate for model inaccuracies, the measured process
output y, is compared with the simulated model output yp,.
The results are shown in Fig. 4. As observed in Fig. 4, the
model prediction deviates from the measured response across
the entire operating range, with the discrepancy increasing
at higher angular velocities. Despite this mismatch, the
process output converges toward the reference signal. This
behaviour highlights the robustness of the controller design
in compensating for plant-model discrepancies.

2) Trajectory tracking: To further evaluate the con-
troller’s performance, a trajectory-tracking experiment was
conducted. The reference trajectory is defined as

7 = 500 + 100 - sin(t — 60). (57)

The experimental results obtained using the inversion with
optimisation are presented in Fig. 5. This experiment was
performed in the same run as the set-point tracking test.
Consequently, the recorded trajectory-tracking data begins
at t = 45s, immediately following the data shown in Fig. 2.
Controller performance was evaluated by computing the
tracking error between the reference and the plant output
Yp> shown in Fig. 6. Following a set-point change of ap-
proximately 150rad/s, the controller exhibits a settling time
comparable to the set-point tracking results. The system
approaches the reference trajectory within approximately
0.7s and enters a steady oscillatory regime after a minor
overshoot. The steady-state error appears sinusoidal due
to the time delay between the reference and the system
response. The maximum absolute error occurs near the
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Fig. 6. Tracking error for the trajectory-following experiment

trajectory inflection points, where the reference changes
most rapidly, and the system exhibits the greatest lag. The
average phase shift is approximately 0.166s, of which 0.096s
is caused by the inherent system delay and the remaining
0.07s by the closed-loop transient response. As in the set-
point tracking case, the delayed system and the look-up-
table-based inversion show no significant deviations from the
results in Figs. 5 and 6 and are therefore omitted for brevity.

TABLE III
TRAJECTORY-TRACKING ERROR METRICS
Error type Owod! Owd? LUT?
Max Absolute? 21.58(4.1%) 27.60(5.26%) 21.93(4.2%)
Min Absolute*  0.01(0.0%) 0.01(0.0%) 0.02(0.0%)
RMS*? 13.00(2.5%) 10.54(2.0%) 12.75(2.4%)
Phase Shift/s 0.17 0.09 0.17

! Optimisation without delay
2 Optimisation with delay

3 Look-Up Table

4 in rad/s(% of hover)

5 Root Mean Squared

Table III summarises the maximum, minimum, and RMS
errors, together with the error magnitude relative to the
hover angular velocity, for all three configurations: op-
timisation without delay compensation, optimisation with
delay compensation, and look-up-table-based inversion. The
results confirm the observations from the set-point tracking

experiments: both inversion approaches achieve comparable
tracking accuracy and stable behaviour. Neglecting the sys-
tem delay slightly improves phase shift performance during
trajectory tracking, but increases peak errors due to stronger
overshoot near the trajectory extrema. Thus, although the no-
delay configuration reduces phase lag, it handles direction
changes less effectively.

To contextualise the results, a PID controller applied to
the same experimental setup—previously used in laboratory
studies—yields performance comparable to the approach
proposed in this paper. Specifically, it exhibits a slightly
larger overshoot of approximately 30rad/s, a similar settling
time, and a phase shift of about 0.12s.

IV. CONCLUSIONS

The paper presents a control pipeline for speed control of
multirotor robots. Such a pipeline relies on the use of Ham-
merstein models to represent the system dynamics, which
is at the core of a predictive functional controller. Input-to-
state stability is proven, and the effectiveness of the pipeline
is shown in an experimental study, where optimisation-based
inversion of the static nonlinear mapping is compared with
a more embed-friendly inversion via a lookup table, together
with the impact of considering or neglecting delays in the
optimisation-based inversion. For future work, the control
approach can be extended to the Hammerstein—Wiener model
to address more complex system dynamics.
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