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A B S T R A C T

An augmented Kalman filter for torque estimation in marine propulsion-system drive trains
is presented. Propeller and motor excitations and torque responses are estimated based on a
dynamical model of the system and inboard shaft measurements. Input excitations affecting
marine propulsion systems are signals whose statistical properties vary between finite time
intervals. Hence, in this paper, excitations are characterized as quasi-stationary signals with
bounded power spectral density. Given that upper bounds on the spectral densities are known
prior to estimation, it is shown that a linear time-invariant input-and-state observer, minimizing
the worst-case power of the estimation errors, can be synthesized by conventional Kalman-
filtering techniques. Experiments have been conducted on a laboratory-scale test bench to
assess the applicability of the proposed observer for use in marine propulsion systems. The
test bench was built to emulate the behavior of a full-scale propulsion system operated in
ice and other high load conditions. Estimation results from a full-size underwater mountable
azimuthing thruster are also presented. Experiment results show that torque excitations and
torque responses at all locations of interest on the engine-propeller drivetrain can be estimated
with high accuracy based on a few indirect measurements at convenient locations on the motor
shaft.

1. Introduction

Marine propulsion systems should be designed to operate reliably and safely in varying load conditions. Responsible shipping
n ice-covered seas is of increasing importance as maritime transport in the Arctic and Baltic regions is expected to increase [1,2].
A primary cause of component wear in propulsion-system drivetrains is excitations acting on the propeller. Especially propeller-
ice interactions causing component wear and fatigue is a concern [2,3]. Although maritime industries have a long experience of
applying torsional vibration analysis and dynamical modeling for the design of propulsion systems [4–7], and components are
designed such that resonance at the operationally critical angular velocities are avoided, the actual wear on components during
operation is unknown. Hence, the importance of monitoring loads in real-time, and their effects on the remaining useful lifetime of
components, cannot be underestimated.

Although propeller ice-load excitations are described in the existing research literature [2,3,8–12] and in ice-class standards [13,
4], the exact dynamic nature of propeller-ice interactions and their effect on component wear and fatigue is currently not fully
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understood. Measuring the torque response of each component on the driveline is not only impractical due to the high installation
cost, but may also be physically impossible due to design limitations. A more sustainable solution would be to estimate the excitations
and torque responses based on a dynamical model and a few inline measurements at convenient locations on the drivetrain.

Estimation of propeller-ice moments based on inboard shaft measurements has been studied in [2,3] by the use of a dynamical
odel and the solution of a regularized inverse problem. In [15] an augmented Kalman filter (AKF) using a random-walk excitation
odel was proposed for propeller-torque estimation in azimuthing thrusters. In this paper, the AKF framework is extended to input
xcitations belonging to the class of quasi-stationary signals [15]. The filter is worst-case optimal with respect to assumed upper
ounds on the spectra of the unknown inputs. By formulating the problem as a simultaneous input-and-state estimation problem
SISE), the torque responses in the system can be estimated in addition to the unknown propeller (and motor) loads. Measurement
rrors can also be accounted for naturally in the AKF framework, which is a clear benefit compared to the inverse-problem
ormulations.
The problem of state estimation with unknown input signals has generated great interest since it was originally introduced

n [16–18]. Simultaneous input and state estimation for completely unknown input signals was the main focus of [16], and the
esults have been further analyzed and refined since then [19–22]. In [23] a connection between the SISE estimator [19] and the
alman filter was established.
Another commonly used approach, which has shown promising results in practice, is to design a Kalman filter based on a

ystem model augmented with simple input models. Augmented Kalman filters have been applied for load and force estimation
n mechanical structures, see, e.g., [24,25]. An unscented Kalman filter for input-parameter-state estimation was presented in [26]
and numerical examples of estimation of inputs, responses, and stiffness and damping parameters were provided. In [27] optimal
sensor placement for input estimation using augmented Kalman filters was studied. In [15] the performance of an augmented Kalman
filter for torque estimation in azimuth thrusters was evaluated on a simulation study.

Torque estimation has also been studied within the automotive industry. For example, to mention a few, in [28] the problem
of estimating periodic combustion torques in an automotive engine using engine-speed measurements was studied, and in [29] the
combustion torque in a diesel engine was estimated from angular velocity measurements from the crankshaft. In [29], it was stated
that colored white noise could be a good representation of the combustion torque. This bears a resemblance to what was proposed
in [15] for propeller torque excitations. In this paper, instead of modeling torque excitations in terms of colored noise, excitations
are characterized as quasi-stationary signals.

Results on torque and load estimation in marine propulsion systems have not yet been presented in the existing literature. Thus,
in this paper, the problem of torque estimation in marine propulsion systems is studied. We show that an optimal time-invariant
input-and-state observer, minimizing the worst-case power of the estimation error, can be realized as an augmented Kalman filter
and synthesized based on an upper bound on the spectral densities of the unknown input signals. The performance of the proposed
input-and-state observer is evaluated on a laboratory-scale test bench of a propulsion system. Experiments on the test bench were
designed to mimic on-sea conditions of a two-gear azimuth thruster operated in ice-load conditions. Estimation results from a full-size
azimuthing thruster in operation are also presented.

The paper is structured as follows. In Section 2 a dynamical model of an azimuth-thruster driveline is presented, and in
Section 3 a characterization of unknown input signals is provided. In Section 4 the simultaneous input-and-state estimation problem
is formulated, and an optimal time-invariant input-and-state observer is derived. In Section 5 the performance of the proposed
estimator is evaluated on a laboratory-scale test bench, and in Section 6 estimation results from a sea trial are presented.

1.1. Main contributions

The main contributions of this paper are three-fold:

(i) Unknown input excitations affecting marine propulsion systems are characterized by a class of quasi-stationary signals with
bounded spectral density.

(ii) An optimal worst-case linear time-invariant input-and-state observer assuming spectral bounds on the unknown input signals
is synthesized using conventional Kalman-filtering techniques.

(iii) Experiment results indicate that unknown torque excitations and torque responses at all locations on the drivetrain can be
estimated with high accuracy based on a limited number of measurements at convenient locations on the input shaft.

2. System description

An L-drive underwater mountable azimuth thruster consists of a vertically mounted motor with a shaft connecting to a gear
via a flexible coupling, which, in turn, connects to the propeller, cf. Fig. 1(a). In this section, a dynamical model of the propulsion
system is presented. A continuous-time model of the drivetrain is derived using first principles and is converted into a discrete-time
state–space model used for synthesizing the input-and-state observer.

To simulate and analyze torsional vibrations in rotating machinery, structures are often represented by lumped-mass spring–
damper systems [15,30,31]. A lumped-mass model of an azimuth-thruster drivetrain is illustrated in Fig. 1(b). As in [15], components
2

𝑖 = 1, 2,… , 𝑁 on a marine thruster driveline are modeled by a set of lumped masses with mass moment of inertia 𝐼𝑖. The torsional
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Fig. 1. (a) Cutaway diagram of an azimuth thruster. (b) Lumped mass model of an azimuth thruster.

ngle at the 𝑖th lumped mass is denoted 𝜃𝑖(𝑡), the angular velocity �̇�𝑖(𝑡) =
d
d𝑡 𝜃(𝑡), and the angular deflection (twist) between lumped

asses are denoted 𝛥𝜃𝑖(𝑡) = 𝑛𝑖𝜃𝑖(𝑡) − 𝜃𝑖+1(𝑡), where the gear-ratio 𝑛𝑖 between the 𝑖th and 𝑖 + 1th mass is defined as

𝑛𝑖 =
𝜃𝑖+1(𝑡)
𝜃𝑖(𝑡)

=
�̇�𝑖+1(𝑡)
�̇�𝑖(𝑡)

.

Gears are assumed ideal. A more detailed description of how to convert ideal gears into equivalent single lumped masses is, for
example, to be found in [32, Ch. 2] and [15].

The torsional motion of the lumped-mass system is derived from conservation laws. The angular velocity of the 𝑖th lumped mass
is given by

𝐼𝑖�̈�𝑖(𝑡) = 𝑐𝑖−1
(

𝑛𝑖−1�̇�𝑖−1(𝑡) − �̇�𝑖(𝑡)
)

− 𝑐𝑖𝑛𝑖
(

𝑛𝑖�̇�𝑖(𝑡) − �̇�𝑖+1(𝑡)
)

− 𝑑𝑖�̇�𝑖(𝑡) + 𝑘𝑖−1𝛥𝜃𝑖−1(𝑡) − 𝑘𝑖𝑛𝑖𝛥𝜃𝑖(𝑡), 𝑖 = 2,… , 𝑁 − 1 (1)

here 𝑐𝑖 are damping factors, 𝑘𝑖 is the stiffness coefficient, and terms −𝑑𝑖�̇�𝑖(𝑘) are the torque lost by absolute damping caused by
.g. internal friction in the system. The angular velocity of the component closest to the motor is given by

𝐼1�̈�1(𝑡) = −𝑐1𝑛1
(

𝑛1�̇�1(𝑡) − �̇�2(𝑡)
)

− 𝑑1�̇�1(𝑡) − 𝑘1𝛥𝜃1(𝑡) + 𝑢m(𝑡), (2)

here 𝑢m(𝑘) is the motor torque, and the angular velocity of the propeller is

𝐼𝑁 �̈�𝑁 (𝑡) = 𝑐𝑁−1
(

𝑛𝑁−1�̇�𝑖−1(𝑡) − �̇�𝑖(𝑡)
)

− 𝑑𝑁 �̇�𝑖(𝑡) + 𝑘𝑁−1𝛥𝜃𝑁−1(𝑡) + 𝑢p(𝑡), (3)

here 𝑢p(𝑘) is the propeller torque. The torsional twists are given by

𝛥�̇�𝑖(𝑡) = �̇�𝑖−1(𝑡) − �̇�𝑖(𝑡), 𝑖 = 1,… , 𝑁 − 1. (4)

The continuous-time linear time-invariant system (1)–(3) can be expressed in state–space form

�̇�(𝑡) = 𝐴c𝑥(𝑡) + 𝐵c𝑢(𝑡), 𝑦(𝑡) = 𝐶c𝑥(𝑡), (5)

with vector of measurements 𝑦(𝑡) ∈ R𝑝, input vector 𝑢(𝑡) ∈ R2, and state vector 𝑥(𝑡) ∈ R2𝑁−1 given by

𝑢(𝑡) =

[

𝑢m(𝑡)
𝑢p(𝑡)

]

, 𝑥(𝑡) =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

�̇�1(𝑡)
⋮

�̇�𝑁 (𝑡)
𝑛1𝜃1(𝑡) − 𝜃2(𝑡)

⋮
𝑛𝑁−1𝜃𝑁−1(𝑡) − 𝜃𝑁 (𝑡)

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

.

3
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The structure of system matrices 𝐴c, 𝐵c is presented in Appendix A. The matrix 𝐶c is defined by which states (or linear combination
f states) are measured. For example, a torque 𝜏𝑖(𝑡) caused by angular deflection between the 𝑖th and (𝑖 + 1)th lumped masses can
be modeled as

𝜏𝑖(𝑡) = 𝑘𝑖𝛥𝜃𝑖(𝑡). (6)

Since 𝜏𝑖(𝑡) is a linear combination of states, 𝐶c can be defined in such a way that torque measurements can be included in 𝑦(𝑡).
Likewise, since angular velocities have been defined as states of the systems, angular velocity measurements can be included in 𝑦(𝑡).

In practice, measurements are typically obtained at discrete time instance 𝑡 = 𝑘𝑇s, where the time index 𝑘 = 0, 1,… and 𝑇s is the
sampling time. The vector of measurements at time instance 𝑘 is modeled as

𝑦(𝑘) = 𝐶𝑥(𝑘) + 𝑣y(𝑘),

where 𝑣y(𝑘) is measurement noise.
Discretizing system (5) with respect to a constant sampling rate, the system can be expressed as a linear discrete-time invariant

system of the form

𝑥(𝑘 + 1) = 𝐴𝑥(𝑘) + 𝐵𝑢(𝑘) + 𝐹𝑣(𝑘)

𝑦(𝑘) = 𝐶𝑥(𝑘) +𝐷𝑣(𝑘).
(7)

The system is defined by matrices 𝐴 ∈ R𝑛×𝑛, 𝐵 ∈ R𝑛×𝑚, 𝐹 ∈ R𝑛×𝑛+𝑝, 𝐶 ∈ R𝑝×𝑛 and 𝐷 ∈ R𝑝×𝑛+𝑝, where 𝑛 = 2𝑁 − 1 is number of
states and 𝑚 = 2 the number of inputs. The vector 𝑣(𝑘) ∈ R𝑛+𝑝 contains process noise 𝑣𝑥(𝑘) ∈ R𝑛 and measurement noise 𝑣𝑦(𝑘) ∈ R𝑝

with covariance matrices 𝑄 and 𝑅 respectively. The noise vectors 𝑣𝑥(𝑘), 𝑣𝑦(𝑘) and input vector 𝑢(𝑘) are assumed to be uncorrelated.
Without loss of generality, 𝑣(𝑘) can be defined to have unit covariance matrix by replacing 𝐹 and 𝐷 with matrices 𝐹 ′ = 𝐹𝑉 and
𝐷′ = 𝐷𝑉 respectively, where 𝑉 = diag(𝑄1∕2, 𝑅1∕2)

There are no known physical sources of process noise in this case study. However, since it is the standard convention to include
process noise in the model, and the Kalman-filtering framework presented in Section 4 can account for such, process noise was
included in (7). The process noise can also be interpreted as uncertainty in the state of a system. It is natural to assume that
uncertainties in the states 𝑥(𝑘) derived from (1)–(3) are larger than those derived from (4). Hence, 𝐹 is set such that process noise
𝑣𝑥(𝑘) only affects angular velocities.

The main goal in this case study is to estimate the input excitations 𝑢(𝑘), as well as torque responses 𝜏𝑖(𝑘) = 𝑘𝑖𝛥𝜃𝑖(𝑘) at all lumped
masses on the drive train. Since torque can be expressed as linear combinations of states, the vector to be estimated is defined as

𝑧(𝑘) =

[

𝑢(𝑘 − 1)
𝑇𝑥(𝑘)

]

∈ R𝑟, (8)

where 𝑇 is a matrix defining which linear combination of states to be estimated. The estimated signal 𝑧(𝑘) contains the most recent
state 𝑥(𝑘) and input 𝑢(𝑘−1) which affects the measurement 𝑦(𝑘) at time 𝑘. If, for example, all torque responses (6) are to be estimated,
𝑇 would be an (𝑁 − 1)-by-𝑛 matrix

𝑇 =
[

0 𝑇1
]

=
⎡

⎢

⎢

⎣

0 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 0

𝑘1
⋱

𝑘𝑁−1

⎤

⎥

⎥

⎦

.

3. Characterization of input signals

In conventional Kalman filtering, the unknown disturbances are assumed to be stationary stochastic signals. However, this
assumption does not provide a satisfactory signal description in marine propulsion systems. Although it is fair to assume that
process and measurement noise are stationary and stochastic, it is not wholly satisfactory to treat unknown input torques 𝑢(𝑘) as
such. Unknown torque excitations affecting a propeller are caused by deterministic events such as sudden angular velocity changes,
an azimuth thruster turning, or a propeller hitting ice. Furthermore, such excitations may take several different forms and are, in
general, not stationary since their mean and auto-correlation vary between different finite time intervals [33].

For example, an azimuthing thruster turning corresponds to an excitation consisting mainly of low frequencies, while excitations
by wave and sea loading have spectra containing harmonic frequency components multiples of the rotational speed [34], and
classification societies suggest that excitations caused by propeller blade ice impacts could be modeled as a series of half-sines
of varying amplitude [14,35]. A class of signal models that can capture the persistent and non-stationary characteristics of the
unknown input signals is provided by the class of quasi-stationary signals [36].

Definition 1. A sequence {𝑢(𝑘)}𝑘∈N with 𝑢(𝑘) ∈ R𝑚 is said to be quasi stationary if

(i) The signal 𝑢(𝑘) is uniformly bounded, i.e.
4

∃𝑀 ∈ R ∶ |𝑢(𝑘)| ≤ 𝑀 all 𝑘.
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(ii) The auto-correlation sequence

𝑅𝑢(ℎ) = lim
𝑁→∞

1
2𝑁

𝑁
∑

𝑘=−𝑁
𝑢(𝑘)𝑢⊤(𝑘 − ℎ)

exists for all ℎ = 0, 1,….
(iii) The signal 𝑢(𝑘) has bounded auto correlation

∞
∑

ℎ=−∞
|𝑅𝑢(ℎ)| < ∞.

The cross-correlation function between two quasi-stationary signals 𝑢(𝑘) and 𝑣(𝑘), 𝑘 = 0, 1,… is defined as

𝑅𝑢,𝑣(𝑙, ℎ) = lim
𝑁→∞

1
2𝑁

𝑁
∑

𝑘=−𝑁
𝑢(𝑘 − 𝑙)𝑣⊤(𝑘 − ℎ)

nd the cross-spectrum 𝛷𝑢,𝑣(𝜔) is given by

𝛷𝑠(𝜔) =

[

𝛷𝑢,𝑢(𝜔) 𝛷𝑢,𝑣(𝜔)
𝛷𝑣,𝑢(𝜔) 𝛷𝑣,𝑣(𝜔)

]

, for 𝑠(𝑘) =
[

𝑢(𝑘)
𝑣(𝑘)

]

, 𝑘 = 0, 1,… .

ote that for a signal to be quasi-stationary, the auto-correlation function needs not be the same over all finite time intervals but
erely exists in the limit. The assumption of uniform boundedness is not limiting in applications.

.1. Power spectral density

In ship design and maneuvering, extensive work has been done on describing how fluctuations in wind and waves affects
hips [37, Ch. 8]. For example, it is standard practice to model wind-induced forces in terms of their spectral densities, cf. [38] and
he references therein. Hence, it is natural to also model torque excitations in a propulsion system in terms of their power spectral
ensity. A quasi-stationary signal 𝑢 has a rational power spectral density 𝛷𝑢(𝜔) defined by the Fourier transform of 𝑅𝑢(ℎ) as

𝛷𝑢(𝜔) =
∞
∑

ℎ=−∞
𝑅𝑢(ℎ)e−iℎ𝜔, (9)

ee e.g. [36,39,40].
An important and useful class of quasi-stationary signals are those with a rational power spectrum

𝛷𝑢(𝜔) = 𝑊 (ei𝜔)𝑊 (e−i𝜔), (10)

here 𝑊 (ei𝜔) is a rational transfer function in ei𝜔, and is a spectral factor of 𝛷𝑢(𝜔). A signal with rational spectral density 𝛷𝑢(𝜔)
an be realized as

𝑢(𝑘) = 𝑊 (𝑞−1)𝑒(𝑘) (11)

here 𝑞−1 is the backwards-shift operator 𝑞−1 ∶ 𝑞−1𝑢(𝑘) = 𝑢(𝑘−1) and 𝑒(𝑘) is a quasi-stationary with constant spectrum. The transfer
unction 𝑊 (𝑞−1) has poles inside the unit circle and zeros inside or on the unit circle, and 𝑒(𝑘) is a signal with constant spectrum
(cf. the spectral factorization theorem [40,41]). Spectral factorization of a general positive rational function 𝛷𝑢(𝜔) can for example
be performed by Kalman-filtering techniques [41].

3.2. Proposed input model

Since different types of excitations may affect the system within any given time frame, an input-and-state observer should be
robust with respect to all excitations which may affect the system. Although research on modeling ice-load excitations in propellers
have been made [8,10–13], propeller ice-load interactions are still not fully understood.

Since a characterization in terms of spectral densities is, to the best knowledge of the authors, not readily available in the
existing literature, it is not realistic to base the observer design on the nominal spectral density 𝛷𝑢(𝜔). In order to guarantee a given
performance in all situations, we introduce an upper bound �̄�(𝜔), such that

𝛷𝑢(𝜔) ≤ �̄�(𝜔), for all 𝜔 ∈ [0, 2𝜋). (12)

In this study, we propose a simple but flexible spectral bound �̄�(𝜔) that is capable of describing the following types of torque
xcitations affecting a marine propulsion system:

Type 1. A step-like change in input torque, caused by, for example, a sudden change in angular velocity.
Type 2. An excitation with spectrum bounded by a constant spectral density.
Type 3. Harmonic oscillations are caused by, for example, wave loading.
5

Type 4. Ice-load excitations.
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Fig. 2. Power spectral density (PSD) for various input models. The PSD 𝛷1(𝜔) corresponds to a random-walk model (13); 𝛷2(𝜔) corresponds to a constant
spectral density (14); 𝛷3(𝜔) is the PSD of a harmonic oscillation with 𝜔max = 0.8 and amplitude 𝐴max = 1, 𝛷4(𝜔) is the PSD of an ice-load excitation modeled as
in (17); and �̄�(𝜔) is a spectral bound constructed from 𝛷1(𝜔) and 𝛷2(𝜔) as in (19). The figure illustrates how, by changing the parameters 𝑎, 𝜎2

1 and 𝜎2
2 , �̄�(𝜔)

can provide an upper bound for a wide-range of input excitations.

An excitation of Type-1 consisting of a sequence of irregularly occurring steps with varying magnitudes and can be realized as

𝑢1(𝑘) = 𝑎𝑢1(𝑘 − 1) + 𝑒1(𝑘), (13)

where 𝑒1(𝑘) is a quasi-stationary signal with constant spectral density 𝑅𝑒1 (𝜔) = 𝜎21 , has transfer function

𝑊1(e−i𝜔) =
1

1 − 𝑎e−i𝜔
, 𝑎 ∈ (0, 1],

and spectral density

𝛷𝑢1 (𝜔) = 𝑊1(ei𝜔)𝛷𝑒1 (𝜔)𝑊1(e−i𝜔) =
1

1 − 2𝑎 cos(𝜔) + 𝑎2
𝜎21 .

For 𝑎 = 1, (13) is referred to as a random-walk model and has been used for input estimation in [15,24,25,27,42]. A random-walk
model has an infinite spectrum at frequency 𝜔 = 0, which means that the signal is slowly diverging and has an infinite variance.
Note that the random-walk model is not well suited for modeling excitations of Type 2–4 since it cannot capture high-frequency
components of signals. This is a limitation since excitations affecting propulsion systems often contain harmonic oscillations of
frequency multiples of the rotational speed.

The limiting case when 𝑎 = 0 in (13) gives a signal with constant spectrum, which can be realized as

𝑢2(𝑘) = 𝑒2(𝑘), (14)

where 𝑒2(𝑘) is a quasi-stationary signal with constant spectral density 𝑅𝑒2 (𝜔) = 𝜎22 and has constant spectral density 𝛷𝑒2 (𝜔) = 𝜎22 .
Input-and-state estimation with input model (14) has for example been studied in [23]. Input model (14) represents the Type-2
excitation. Note that 𝑢2(𝑘) cannot be used to model Type-1 excitations since it has zero mean.

Another important quasi-stationary signal is sinusoidal. A sinusoidal with normalized frequency 𝑓 and amplitude 𝐴 can be
generated as

𝑢(𝑘) = 2 cos(2𝜋𝑓 )𝑢(𝑘 − 1) − 𝑢(𝑘 − 2) + 𝐴𝛿(𝑘), (15)

where 𝛿(𝑘) is a single pulse of magnitude one at time instance 𝑘 = 0. A torque excitation caused by a propeller blade hitting the
ice was suggested in [13,14] to be modeled as a series of half-sines with varying magnitudes. In analogy with (15), a half-sine of
length 𝑁 (corresponds to normalized frequency 𝑓 = 1∕(2𝑁)) and amplitude 𝐴 is described by

𝑢(𝑘) = 2 cos (2𝜋𝑓 )𝑢(𝑘 − 1) − 𝑢(𝑘 − 2) + 𝐴 sin (2𝜋𝑓 ) (𝛿(𝑘) + 𝛿(𝑘 −𝑁)) (16)

with 𝛿(𝑘) a unit pulse at time 𝑘. Applying the filter

𝑊4(e−i𝜔) =
𝐴 sin (2𝜋𝑓 )(1 + e−𝑁 i𝜔)

1 − 2 cos (2𝜋𝑓 )e−i𝜔 + e−2i𝜔
, (17)

o a pulse sequence {𝑒(𝑘)} generates a quasi-stationary signal consisting of irregularly spaces half-sines of length 𝑁 . A limitation
f the input model (16) is that for the sampling rates used, an excessively high-order filter 𝑊4 may be required to describe the
disturbances.
6
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In practice, the characteristics of the input load can vary considerably between different time instants. Although adaptive methods
ould be applied, attempting to model the input characteristics accurately is seldom realistic, or it may lead to models which are
verly complicated or of a high order, such as the half-sine wave model in (16). Instead, a more practical approach is to use a
simple model whose spectrum over-bounds the signal spectra. As shown in Section 4, over-bounding the true signal spectrum would
guarantee a given performance level for the input estimation. A simple signal model which provides convenient upper bounds for
signals which typically occur in practice can be constructed as a combination of the signals (13) and (14), i.e.,

𝑢(𝑘) = 𝑢1(𝑘) + 𝑢2(𝑘). (18)

he combined signal has spectral density

𝛷𝑢(𝜔) = 𝑊 (ei𝜔)𝑊 (e−i𝜔) =
1 + 2𝑐 cos(𝜔) + 𝑐2

1 − 2𝑎 cos(𝜔) + 𝑎2
𝜎2𝑒 (19)

and spectral factor

𝑊 (ei𝜔) = 1 + 𝑐e−i𝜔

1 − 𝑎e−i𝜔
𝜎𝑒 (20)

here

𝑐 =
𝑟0
2𝑟1

+

√

(

𝑟0
2𝑟1

)2
− 1, 𝜎2𝑒 =

𝑟1
𝑐
,

and 𝑟0 = (1 + 𝑎2)𝜎22 + 𝜎21 , 𝑟1 = −𝑎𝜎22 , see Appendix B. Note that multiplying 𝑊 (ei𝜔) with ei𝜔 does not change the spectral density,
nd a signal 𝑢(𝑘) with spectra 𝛷𝑢(𝜔) can be modeled as

𝑢(𝑘) = 𝑎𝑢(𝑘 − 1) + 𝑒(𝑘 − 1) + 𝑐𝑒(𝑘 − 2), (21)

here 𝑒(𝑘) is a scalar quasi-stationary signal with constant spectral density.
The two components of the simple signal model (18) can be selected to over-bound different input spectra. This is illustrated

n Fig. 2, which depicts the power spectral density of (18) for various values of the design parameters 𝑎, 𝜎21 and 𝜎22 . Here, the first
ignal component 𝑢1 provide a bound at low frequencies, while the second component 𝑢2 can be selected to achieve the required
ound at higher frequencies. This way, proper spectral bounds are obtained at low and high frequencies. Parameters 𝑎, 𝜎1 and 𝜎2
re considered application-specific design parameters that should be tuned to provide an appropriate spectral bound.

. Simultaneous input and state estimation

The problem of designing a time-invariant input-and-state observer for system (7)–(8), which guarantees a given performance
or all inputs with spectra bounded by (12), can now be formulated as the following worst-case estimation problem.

roblem. Find a stable filter �̂� = 𝑦 for the system (7)–(8) which minimizes the worst-case average cost

𝐽 ( ) = sup
𝑢
{‖𝑧 − �̂�‖2 ∶ 𝛷𝑢(𝜔) ≤ �̄�(𝜔) for all 𝜔} (22)

here the squared power semi-norm is defined as

‖𝑧 − �̂�‖2 = 1
2𝜋 ∫

2𝜋

0
tr(𝛷𝑧−�̂�(𝜔))d𝜔 = tr(𝑅𝑧−�̂�(0)).

As the spectral density 𝛷𝑧−�̂�(𝜔) is a monotonically increasing function of 𝛷𝑢(𝜔) for all  it follows that the solution of the
orst-case problem defined by (22) is equivalent to minimizing the quadratic cost

𝐽𝑧( ) = ‖𝑧 − �̂�‖2

or the system (7)–(8) with input 𝑢 = �̄� having spectrum 𝛷𝑢(𝜔) = �̄�(𝜔).
The quadratic cost 𝐽𝑧( ) can be minimized using a Kalman filter. For this purpose, we need a state–space model of the extended

ystem from inputs 𝑣, 𝑒 to outputs 𝑦, 𝑧. For convenience, a time delay can be introduced to the filter 𝑊 from 𝑒 to 𝑢 = 𝑊 𝑒, where
(ei𝜔) is a spectral factor of �̄�(𝜔), and 𝑊 can be assumed to have a state–space representation 𝑊 (𝑞) = 𝐶W(𝑞𝐼−𝐴W)−1𝐵W. This does
ot affect the input spectrum, and implies therefore no restriction. A minimal state–space realizations of (20), where a time-delay
as been introduced to eliminate the direct feedthrough from 𝑒 to 𝑢, is for example given by

𝐴W =
[

𝑎 𝑐
0 0

]

, 𝐵W =
[

1
1

]

, 𝐶W =
[

1 0
]

.

ugmenting (7)–(8) with (11) gives the augmented state–space system

𝑥e(𝑘 + 1) = 𝐴e𝑥e(𝑘) + 𝐹e𝑣e(𝑘), (23)

𝑦(𝑘) = 𝐶e𝑥e(𝑘) +𝐷e𝑣e(𝑘), (24)
7

𝑧(𝑘) = 𝑇e𝑥e(𝑘), (25)
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with extended state and noise vectors

𝑥e(𝑘) =

[

𝑥W(𝑘)
𝑥(𝑘)

]

, 𝑣e(𝑘) =

[

𝑒(𝑘)
𝑣(𝑘)

]

,

nd system matrices

𝐴e =

[

𝐴W 0
𝐵𝐶W 𝐴

]

, 𝐹e =

[

𝐵W 0
0 𝐹

]

, 𝐶e =
[

0 𝐶
]

, 𝐷e =
[

0 𝐷
]

. (26)

he vector 𝑧(𝑘), which is to be estimated, is a linear combination of the states 𝑥e(𝑘) and given by (cf. (8))

𝑧(𝑘) = 𝑇e𝑥e(𝑘) =

[

𝑢(𝑘 − 1)
𝑇𝑥(𝑘)

]

. (27)

Assuming that the estimator �̂� = 𝑦 at time instant 𝑘 has access to the measured outputs 𝑦(𝑘), 𝑦(𝑘−1), 𝑦(𝑘−2),… it is important to
pecify the instant 𝑘+ℎ at which a signal 𝑧(𝑘+ℎ) is estimated. Denoting the optimal estimate of 𝑧(𝑘+ℎ) based on 𝑦(𝑘), 𝑦(𝑘−1), 𝑦(𝑘−2),…
y �̂�(𝑘 + ℎ|𝑘), it is obvious that

�̂�(𝑘 + ℎ|𝑘) = 𝑇e�̂�e(𝑘 + ℎ|𝑘)

here �̂�e(𝑘 + ℎ|𝑘) is the optimal state estimate minimizing the quadratic cost

𝐽𝑥e ( ) = ‖𝑥e − �̂�e‖
2
 .

he optimal state estimate can be computed using an augmented Kalman filter. Although one could use the system model (23) to
redict future states 𝑥(𝑘 + ℎ) and inputs 𝑢(𝑘 + ℎ) for ℎ > 0, we are here interested in collecting accurate estimates with no need to
redict future values. Therefore, we will focus on finding the filtering estimate �̂�(𝑘|𝑘) and smoothed estimate �̂�(𝑘 − 𝐿|𝑘) for 𝐿 > 0.
n the Kalman filter approach, these are found by first computing the optimal predictive state estimate �̂�e(𝑘 + 1|𝑘), followed by a
equential computation of �̂�(𝑘|𝑘), �̂�(𝑘 − 1|𝑘),…. The notation

𝑃0 = lim
𝑁→∞

1
2𝑁

𝑁
∑

𝑘=−𝑁
(𝑥(𝑘 + 1) − �̂�(𝑘 + 1|𝑘)) (𝑥(𝑘 + 1) − �̂�(𝑘 + 1|𝑘))⊤,

will be used.
The predictive estimate for 𝑥e is given by the standard Kalman filter

�̂�e(𝑘 + 1|𝑘) = 𝐴e�̂�e(𝑘|𝑘 − 1) +𝐾0(𝑦(𝑘) − 𝐶e�̂�e(𝑘|𝑘 − 1)) (28)

where

𝐾0 = 𝐴e𝑃0𝐶
⊤
e
(

𝐶e𝑃0𝐶
⊤
e +𝐷e𝐷

⊤
e
)−1 (29)

is given by the discrete-time algebraic Riccati equation

𝑃0 = 𝐴e𝑃0𝐴
⊤
e −𝐾0(𝐶e𝑃0𝐶

⊤
e +𝐷e𝐷

⊤
e )𝐾

⊤
0 + 𝐹e𝐹

⊤
e . (30)

Although the results are derived for systems where all input signals are unknown, extending the augmented Kalman-filtering
framework to systems with known input signals is straightforward.

It is well known that estimates can be improved with fixed-lag smoothing [43,44], that is, �̂�e(𝑘 + 1 − 𝐿|𝑘) is estimated instead
of �̂�e(𝑘 + 1|𝑘). In this application, the number of states 𝑥e(𝑘) are typically much larger than elements in 𝑧(𝑘). To avoid a filter of
unnecessarily high order, which may negatively impact the real-time performance, a signal smoother estimating �̂�(𝑘−𝐿+1|𝑘) is used
instead of a full-state smoother. Augmenting (23)–(24) with delayed elements 𝑧(𝑘 − 1), 𝑧(𝑘 − 2),… , 𝑧(𝑘 − 𝐿 − 1) gives the extended
system

𝑥s(𝑘 + 1) = 𝐴s𝑥s(𝑘) + 𝐹s𝑣e(𝑘), 𝑦(𝑘) = 𝐶s𝑥s(𝑘) +𝐷e𝑣e(𝑘), (31)

with

𝑥s(𝑘) =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑥e(𝑘)
𝑧(𝑘 − 1)
𝑧(𝑘 − 2)

⋮
𝑧(𝑘 − 𝐿 − 1)

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, 𝐴s =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝐴e 0 ⋯ 0 0
𝑇e 0 ⋯ 0 0
0 𝐼 ⋯ 0 0
⋮ ⋱ ⋮
0 0 ⋯ 𝐼 0

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, 𝐹s =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝐹e
0
0
⋮
0

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, 𝐶s =
[

𝐶e 0 0 ⋯ 0
]

.

he extended system can be used to synthesize an optimal fixed-lag signal smoother by Kalman-filtering techniques, cf. (28)–(30).
he fixed-lag signal smoother is of the form

�̂�s(𝑘 + 1|𝑘) = 𝐴s�̂�s(𝑘|𝑘 − 1) +𝐾s(𝑦(𝑘) − 𝐶s�̂�s(𝑘|𝑘 − 1)),

ith 𝐾s =
[

𝐾⊤
0 𝐾⊤

1 ⋯ 𝐾⊤
𝐿+1

]⊤
. The Kalman gains 𝐾𝑖 are either obtained by solving a Riccati equation as in (29)–(30) or
8

omputed recursively from 𝐾0 and 𝑃0, cf. [25,43,44].
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Fig. 3. (a) Picture of the test bench. (b) A lumped-mass model of the test bench. The components of the test bench are: 1. Driving motor, 2. Load generator,
3. Flexible coupling, 4. Propeller mass, 5. and 6. ERN 420 hollow-through shaft rotary TTL encoders, 7. Torque transducer ±20 Nm 8. and 9. ERN 120
hollow-through shaft rotary TTL encoders. 10. Torque transducer ±50 Nm, 11. ERN 120 hollow-through shaft rotary TTL encoder.

5. Experiment: Laboratory-scale test bench

Experiments on a laboratory-scale test bench have been conducted to evaluate the performance of the proposed input and state
estimator. The experiments were designed to emulate a thruster operated in ice-load conditions. Different input designs for the
augmented Kalman filter presented in Section 4 are compared to a conventional approach where the dynamics of the drivetrain are
ignored. The experiments demonstrate the importance of accounting for the dynamics of the system when estimating torque and
illustrate how design choices affect the estimation results.

5.1. Experiment setup

A test bench was built to conduct a series of reference measurements. The test bench consisted of two synchronous servomotors,
9

a flexible coupling, five hollow-through shaft rotary encoders, two torque transducers, three gears (with ratios of 1:3, 1:4, and
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Fig. 4. Single-sided amplitude spectrum of the torque response at the input shaft during the PRBS experiment. The experiment reveals the natural frequencies
f the system.

:1), propeller mass, and several couplings and shafts. A picture of the test bench is presented in Fig. 3(a). The two servo motors
(Bosch Rexroth MS2N06-D0BNN) had a nominal torque of 11.9 Nm and a maximum rotational frequency equal to 6000 rpm. One of
these motors was used as a driving motor, and the other motor generated loads. The purpose of the loading motor was to generate
excitations similar to those affecting a propeller in a marine propulsion system. A planetary gear with a gear ratio of 8:1 was installed
on the loading motor to allow the use of a servo motor of the same size as on the driving side. With the load generator, excitations
or load curves could be applied to the system.

The test bench was designed to have similar properties as the driveline of azimuth thrusters used in marine vessels. When scaling
the dimensions of a full-size thruster to approximately one-thousandth, all the physical properties of the full-size driveline cannot
be replicated. Hence, the goal with the test-bench design was not to replicate the dynamical behavior of any existing thruster but
to have a laboratory-scale test setup with similar key features as a full-size thruster. The following three key features were taken
into consideration in the design:

(i) The systems should have similar natural frequencies.
(ii) The angular displacement of shafts should be comparable at nominal load.
(iii) The nominal rotational velocity of the loading-motor shaft should be comparable to that of propeller shafts.

The choice to emphasize the two lowest natural frequencies is motivated by the fact that the large excitations occur typically
at low frequencies. Such excitations include the first and second-order blade frequencies. Furthermore, in practical applications,
the torsional response of a thruster driveline is typically dominated by frequencies below the system’s first and second natural
frequencies.

The flexible coupling in the driving motor shaft was constructed from two elastomer couplings with an added mass in between,
such that the lowest torsional natural frequencies of the test bench are comparable to those of typical full-size drivetrains. By applying
a pseudo-random binary sequence (PRBS) excitation to the load generator while rotating the test bench with a constant nominal
velocity, the two most dominant resonance frequencies of the system were determined to be approximately 23.2 and 51.4 Hz. A
single-sided amplitude spectrum of the torque response at the input shaft during the PRBS experiment is presented in Fig. 4. This
can be compared with full-size azimuth thrusters, which typically have the lowest natural frequencies in the ranges 10–25 Hz and
20–40 Hz. The angular deflection at the driving motor side was approximately 2.9 degrees in normal operation conditions without
excitations. The nominal velocity of the test bench was approximately 3200 rpm on the driving side and 267 rpm on the loading
side.

Five Heidenhain hollow-through shaft rotary TTL encoders (three ERN 120 and two ERN 420) with 5000 pulses per revolution
were used to measure the velocity of each shaft as well as the angular displacement of the shaft after the flexible coupling and
between the first two gears. Encoder pulse data was converted into angles by counting pulses within a sampling interval which, in
turn, was converted into angular velocity using finite difference approximation. Torque transducers (ETH-Messtechnik DRBK) were
used to measure the torque before and after the angle gears, with torque ranges ±20 Nm and ±50 Nm, respectively.

Data acquisition and control were realized with a National Instrument CompactRIO (NI cRIO-9057). Each sensor was connected
to a measurement module mounted to the CompactRIO, and Labwiew FPGA was used in the measurements. The encoders were
connected to a digital measurement module NI 9411 and the torque transducers to an analog measurement module NI 9215. The
test bench control software was running in Labview, and the CompactRIO communicated with the motor drives over EtherCAT.
Motors could be operated in either torque or velocity control mode. Both motors were controlled with field-oriented control (FOC).
10
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Fig. 5. Torque setpoint of the loading motor in the experiment.

Table 1
List of components and parameters used to model the experiment test bench.
Components Index

𝑖
𝐼𝑖
(kgm2)

𝑐𝑖
(Nm/(rad/s))

𝑘𝑖
(Nm/rad)

𝑑𝑖
(Nm/(rad/s))

Driving motor, coupling 1 7.94 × 10−4 8.08 1.90 × 105 0.0030
Shaft 2 3.79 × 10−6 0.29 6.95 × 103 0
Elastomer coupling hub 3 3.00 × 10−6 0.24 90.00 0
Elastomer coupling middle piece 4 2.00 × 10−6 0.24 90.00 0
Elastomer coupling hubs & shaft 5 7.81 × 10−3 0.24 90.00 0
Elastomer coupling middle piece 6 2.00 × 10−6 0.24 90.00 0
Elastomer coupling hub, encoder & shaft 7 3.17 × 10−6 0.00 30.13 0
Shaft, encoder & coupling 8 5.01 × 10−5 1.78 4.19 × 104 0
Torque transducer 9 6.50 × 10−6 0.23 5.40 × 103 0
Torque transducer & coupling 10 5.65 × 10−5 1.78 4.19 × 104 0
Shaft 11 4.27 × 10−6 0.52 1.22 × 103 0
Shaft & gear 12 3.25 × 10−4 1.84 4.33 × 104 0.0031
Coupling 13 1.20 × 10−4 1.32 3.10 × 104 0
Shaft 14 1.15 × 10−5 0.05 1.14 × 103 0
Shaft & coupling 15 1.32 × 10−4 1.32 3.10 × 104 0
Shaft 16 4.27 × 10−6 0.52 1.22 × 104 0
Shaft & gear 17 2.69 × 10−4 1.88 4.43 × 104 0.0031
Coupling 18 1.80 × 10−4 5.86 1.38 × 105 0
Torque transducer 19 2.00 × 10−5 0.85 2.00 × 104 0
Torque transducer & coupling 20 2.00 × 10−4 5.86 1.38 × 105 0
Shaft 21 4.27 × 10−6 0.52 1.22 × 104 0
Shaft, mass & loading motor 22 4.95 × 10−2 – – 0.2400

The output torques of the motors were calculated in the motor drives from the phase currents. Thus, torque caused by, for example,
absolute damping in motors was not measured directly.

5.2. Input excitations

The experiment was set up to mimic operation in ice-load conditions. The angular velocity of the driving motor was controlled to
constant nominal speed (3200 rpm) by varying the driving-motor torque. When the system was in a steady state, an excitation was
pplied by the loading motor. Input excitations were designed based on ice-load classes used by ship classification societies [14,35].
ce hitting the propeller was modeled as a series of half sine waves with varying magnitudes. In Fig. 5 the torque excitation used
in the experiments is presented. The excitation is representative of a four-blade propeller interacting with ice and was computed as
in [13], with amplitudes scaled to be of suitable magnitudes for the test bench.

5.3. Test-bench model and filter design

The system was modeled as outlined in Section 2 and the resulting lumped-mass model is illustrated in Fig. 3(b). A list of
components with their respective mass moment of inertia, torsional stiffness, and damping coefficients is presented in Table 1.
The torsional stiffness (Nm/rad) of cylindrical shafts are given by 𝑘𝑖 = 𝐺𝑖𝐽𝑖∕𝐿𝑖, where 𝐺𝑖 is the shear modulus (Pa) of the shaft,
𝐽𝑖 = 𝜋𝐷4

𝑖 ∕32 (m4) the torsional constant of a solid shaft, 𝐷𝑖 the shaft diameter (m) and 𝐿𝑖 the shaft length (m). It was assumed that
11

the torque losses were mainly due to absolute damping caused by the motors and gears and are thus neglected for other components.
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Fig. 6. Single-sided power spectra for design cases (i)–(iii) for the laboratory-scale test-bench experiments, and the estimated propeller-torque power spectral
density �̂�𝑢p (𝑘) using the Fourier transform based on data from the laboratory test bench.

The absolute damping coefficients of the gears and motors 𝑑𝑖, 𝑖 ∈ {1, 12, 17, 22} were identified from experiment data. Since torque
easurements from the shaft between the two gears were not available, it was impossible to determine the individual gear losses.
nstead, the total torque loss from gears was computed, and it was assumed that 𝑑12 = 𝑑17.
In marine propulsion systems, the average torque is often known in practice. Hence, in the test-bench experiment, the

riving-motor torque excitation 𝑢m(𝑘) and loading-motor torque 𝑢p(𝑘) are modeled as

𝑢m(𝑘) = 𝜇m(𝑘) +𝑊m(𝑞)𝑒m(𝑘),

𝑢p(𝑘) = 𝜇p(𝑘) +𝑊p(𝑞)𝑒p(𝑘),

here 𝜇m = 2.7 Nm and 𝜇p(𝑘) = 0 Nm are the known average input torques of the experiment, and 𝑒m(𝑘), 𝑒p(𝑘) are quasi-stationary
ignals with constant spectra 𝛷𝑒m (𝜔) = 1 and 𝛷𝑒p (𝜔) = 1 for all 𝜔. The transfer functions 𝑊m(ei𝜔) and 𝑊p(ei𝜔) were defined as in
20). In the experiment, the driving-motor torque varied in the interval [𝜇m−2, 𝜇m+2] Nm. Hence, by the three-sigma rule of thumb,
m(𝑞) = 𝜎m = 2∕3 Nm was used to ensure robustness against (almost) all possible inputs. The input signal 𝑢p(𝑘) was assumed to
ave 𝛷𝑢p ≤ �̄�(𝜔), 𝜔 ∈ [0, 2𝜋), where �̄�(𝜔) has a spectral factor 𝑊p as proposed in Section 4. The largest allowed magnitude of
xcitation in the experiment was 10 Nm. Hence, the following design cases for the loading-motor torque were considered, where
p(ei𝜔) was given by (20) with parameters

(i) 𝑎 = 1, 𝜎21 = 1, 𝜎22 = 0.1,
(ii) 𝑎 = 1, 𝜎21 = 1, 𝜎22 = (10∕3)2,
(iii) 𝑎 = 0, 𝜎21 = 0, 𝜎22 = (10∕3)2.

nput spectra for design cases (i)–(iii) are illustrated in Fig. 6. The power spectral density of the propeller torque excitation was
stimated from data using the Fourier transform and is given in Fig. 6 as a reference. Design case (i) was based on data measured
rom the testbench and was included to illustrate the performance when �̄�(𝜔) closely approximates the spectra of the true signal.
esign cases (ii) and (iii) are robust against (almost) all possible input excitations, whereas case (ii) has unbounded spectra at 𝜔 = 0
nd can hence describe slowly diverging quasi-stationary signals.
Input and state estimators were synthesized based on the lumped-mass model presented in Fig. 3 for design cases (i)–(iii).

ngular speed measurements �̇�7(𝑘), �̇�8(𝑘) and torque measurement 𝜏9(𝑘) from the driving-motor shaft were used in the estimation.
he covariance matrix of the measurement noise was determined from experiments by analyzing the power spectra of the
easured signals when rotating the driving motor at the constant angular velocity 338 rad/s and had the numerical value
12
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Table 2
Worst-case estimation errors 𝑃𝑢m−�̂�m = ‖𝑢m − �̂�m‖2 and 𝑃𝑢p−�̂�p = ‖𝑢p − �̂�p‖2 for the laboratory-scale test-bench experiments using design cases (i)–(iii) with various
fixed-lags 𝐿.

𝐿 = 1 𝐿 = 2 𝐿 = 4 𝐿 = 8 𝐿 = 10

𝑃𝑢m−�̂�m 𝑃𝑢p−�̂�p 𝑃𝑢m−�̂�m 𝑃𝑢p−�̂�p 𝑃𝑢m−�̂�m 𝑃𝑢p−�̂�p 𝑃𝑢m−�̂�m 𝑃𝑢p−�̂�p 𝑃𝑢m−�̂�m 𝑃𝑢p−�̂�p

(i) 0.44 7.91 0.44 6.91 0.44 5.07 0.42 3.43 0.42 3.22
(ii) 0.44 19.76 0.44 18.41 0.44 14.24 0.42 12.51 0.42 12.41
(iii) 0.44 11.11 0.44 11.08 0.44 10.38 0.42 10.22 0.42 10.19

Table 3
Worst-case estimation errors 𝑃𝜏19−𝜏19 = ‖𝜏19 − 𝜏19‖2 for the laboratory-scale test-bench experiments using design
cases (i)–(iii) with various fixed-lags 𝐿.

𝐿 = 1 𝐿 = 2 𝐿 = 4 𝐿 = 8 𝐿 = 10

(i) 1.46 0.94 0.83 0.75 0.72
(ii) 1.53 0.95 0.85 0.76 0.74
(iii) 1.15 0.78 0.71 0.60 0.58

Table 4
Root-mean-square error (RMSE) of torque estimates in the laboratory test-bench experiments. Estimates for the
AKF design-cases (i)–(iii) with fixed-lag 𝐿 = 10 are compared to the case where dynamics of the system have
been ignored.

AKF (i) AKF (ii) AKF (iii) Dynamics ignored

Driving motor torque (Nm) 0.47 0.47 0.49 –
Loading motor torque (Nm) 0.86 1.12 3.28 –
Torque response on the loading-motor shaft (Nm) 0.69 0.69 1.86 6.55

𝑅 = diag(0.05, 0.10, 0.20). The first two measurements are from encoders 1 and 2, respectively, and the third measurement is from
torque transducer 1. All measured signals were low-pass filtered using the passband 500 Hz and down-sampled to a constant 1 kHz
sampling rate.

Process noise 𝑣𝑥(𝑘) was modeled as white-noise with covariance matrix 𝑄 = 0.01𝐼 . The matrix 𝐹 in (7) was defined such
that process noise affects only states corresponding with angular velocities. The low process noise variance reflects the prior
understanding that the system was well-balanced and that no external excitations act on gears, bearings, shafts, or couplings.

In Tables 2 and 3 worst-case estimation errors are presented for fixed-lag signal smoothers for various lags 𝐿. These errors are
not based on experiments but on the specified noise covariances and input spectra used to design the filters. Since design case (ii)
characterizes a larger class of excitations than design case (iii), worst-case estimation errors in (ii) are larger. However, as seen
in Tables 2 and 3, smoothing can make the difference small. Since the worst-case errors can be conservative, experiments on the
testbench were performed to evaluate the expected performance of the estimators. Results are presented in Section 5.4.

5.4. Results

Design cases (i)–(iii) from the previous section with fixed lag 𝐿 = 10 were used for torque estimation in the test-bench
experiments. The AKF-estimates were compared to estimates obtained by assuming that shafts are rigid, i.e., dynamics were ignored.
Estimation results are compared against the measured input torques, as well as against the torque 𝜏19(𝑘) measured at the driving
motor shaft. Root-mean-square errors (RMSE) of torque estimates are presented in Table 4. The estimated input torques and torque
responses are presented in Figs. 7 and 8 for design case (i) which resulted in the smallest estimation errors. Observe that input torque
measurements are computed from the applied phase-current, while the real torque might also contain other excitations caused by,
e.g., friction and imbalance in the system being measured. Based on these experiments, it was clear that the AKF-methods outperform
the simple estimator that ignores the dynamics of the system. The RMSE of the AKF-methods coincides well with the derived worst-
case errors presented in Tables 2 and 3. The fact that some estimation errors are larger than the theoretical bounds can be attributed
to a mismatch between model and reality or transmission errors in gears. When comparing results obtained with AKF-method with
estimates where the dynamics were ignored, the importance of properly accounting for the system’s dynamics becomes evident.

6. Experiment: Sea trial

Results from a preliminary full-scale test are presented based on measurements from an underwater-mountable azimuth thruster,
cf. Fig. 1. The maximum rotational speed of the input shaft is 750 rpm, and the nominal input torque of the thruster is 70 kNm. The
experiment was conducted at close to the constant rotational speed of 630 rpm. The azimuth-thruster drivetrain was modeled as in
Section 2, the gear ratio of the system is 𝑛 = 13∕62, and torque losses in gears are approximated to be 3% of the transmitted torque.
Stiffness and damping parameters of shafts were computed based on the specified shear-modulus and dimensionless damping factors
13

of the shaft materials.
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Fig. 7. Measured and estimated input torques for the laboratory test bench experiments using the augmented Kalman filter with input model (i).

Fig. 8. Measured and estimated torques responses at the driving-motor shaft (𝑖 = 9) and loading-motor shaft (𝑖 = 19) in the laboratory test bench experiment.
Torques were estimated using the augmented Kalman filter with input model (i).

The input shaft of the thruster drivetrain was instrumented with a Metapower® torque and angular velocity monitoring
system [45]. A strain gauge used for validation purposes was installed at the propeller shaft. However, reliability issues with the
strain gauge resulted in inaccurate measurements. The measured signal contained spurious large-amplitude harmonic oscillations
which were removed by data post-processing before the estimation step.

A few possible sources for the measurement errors are that the strain gauge was not correctly compensating for bending in the
shaft, the sensor was malfunctioning, or installed incorrectly. Furthermore, due to the inconvenient location of the sensor, performing
maintenance on it is was impossible. This further shows the importance of developing reliable estimation methods that rely only on
inboard measurements. Although the encountered sensor problems limit the conclusions that can be drawn from the experiment,
the sea trial still demonstrates that the technologies applied in laboratory-scale tests can be successfully implemented on full-size
systems.
14
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Table 5
Worst-case estimation errors for input torques ((kNm)2) and
torque responses at various locations on the drivetrain in the
sea trial are presented.
Location ‖𝑧𝑖 − �̂�𝑖‖2
Motor shaft 0.0143
Flexible coupling 0.0102
Metapower 0.0074
Gear coupling 0.0083
Gear 0.0088
Propeller shaft 0.5614

Motor input torque 1.0777
Propeller input torque 9.0521

Fig. 9. Estimated torque responses at the (i) motor shaft, (ii) flexible coupling, (iii) Metapower, (iv) gear coupling, (v) gear, (vi) propeller shaft of a full-size
azimuth thruster.

Spectral bound �̄�(𝜔) on the unknown input torques was designed as outlined in Section 3.1 with parameters 𝑎 = 1, 𝜎1 = 1000
and 𝜎22 = 0, such that

𝑢m(𝑘) = 𝑛𝑊 (𝑞−1)𝑒m(𝑘),

𝑢p(𝑘) = 𝑊 (𝑞−1)𝑒p(𝑘).

The fixed-lag 𝐿 = 10 was used when designing the signal smoother. Angular speed measurements were assumed to have noise
covariance 0.001 (rad/s) and torque measurements to have covariance 106 (Nm). The covariance of process noise affecting angular
velocities �̇�𝑖(𝑘) between the motor and the gear were set to 0.010 (rad/s) and 0.003 (rad/s) for the propeller shaft. Process noise
covariance affecting states 𝛥𝜃𝑖(𝑘) were set to zero. The resulting worst-case error are given in Table 5 and estimation results are
presented in Figs. 9 and 10. The augmented Kalman filter and the case where shaft dynamics were ignored yielded similar results
in this case study. This is because the system is operating in normal operating conditions without large excitations, in which
circumstances the shaft flexibility has only a limited effect on its behavior. In practice, the actual benefits of the proposed methods
15

are mainly in dynamic transient conditions.
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Fig. 10. Estimated motor torque (top) and propeller torque (bottom) of a full-size azimuth thruster using the proposed augmented Kalman filter.

7. Conclusions

The focus of this paper has been on the design of observers for torque estimation in a marine propulsion system. In contrast to
ther state-of-the-art SISE algorithms, where unknown input signals are assumed to be completely unknown, we have described input
xcitations as quasi-stationary signals with bounded power spectral density. It is shown that, given a spectral bound of the unknown
nputs, a worst-case optimal linear time-invariant observer can be synthesized as an augmented Kalman filter. The performance of
he proposed input-and-state observer has been validated in a laboratory-scale test-bench with similar properties to a full-scale
arine propulsion system operating in ice-load conditions. Experiments demonstrate the importance of accounting for dynamics
hen estimating torque responses. The presented results show that torque estimates can be obtained based on a few indirect
easurements at convenient locations on the driving motor shaft and have accuracy comparable to direct measurements using,
.g., strain gauges. The proposed input-and-state observer has been implemented on a full-size underwater mountable azimuthing
hruster, and estimation results have been presented.
With the results from this study, it can be concluded that unknown input torque excitations and torque responses at all locations

n the drivetrain can be estimated with high accuracy based on a few measurements taken from a convenient location on the motor
haft. By collecting torque data using the proposed technology, we expect that the nature of torque excitations, such as propeller-ice
nteractions and their effect on components remaining useful lifetime, can be better understood in the future.
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Appendix A

The system matrices 𝐴c and 𝐵c of the continuous-time model (5) have the following form:

𝐴c =

[

𝐴11 𝐴12

𝐴23 0

]

=

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

−
(𝑐1𝑛21+𝑑1)

𝐼1
𝑐1𝑛1
𝐼1

0
𝑐1𝑛1
𝐼2

−
(𝑐1+𝑐2𝑛22+𝑑2)

𝐼2
𝑐2𝑛2
𝐼2

⋱ ⋱ ⋱
𝑐𝑁−2𝑛𝑁−2

𝐼𝑛−1
−

(𝑐𝑁−2+𝑐𝑁−1𝑛2𝑁−1+𝑑𝑁−1)
𝐼𝑁−1

𝑐𝑁−1𝑛𝑁−1
𝐼𝑁−1

0 𝑐𝑁−1𝑛𝑁−1
𝐼𝑁

− (𝑐𝑁−1+𝑑𝑁 )
𝐼𝑁

− 𝑘1
𝐼1
𝑘1
𝐼2

− 𝑘2
𝐼2
⋱ ⋱

𝑘𝑛−2
𝐼𝑁−1

𝑘𝑁−1
𝐼𝑁−1
𝑘𝑁−1
𝐼𝑁

𝑛1 −1
⋱ ⋱

𝑛𝑁−1 −1

0 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 0

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

,

𝐵c =

[

𝐵1

0

]

=

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

1
𝐼1

0
0 0
⋮ ⋮
0 − 1

𝐼𝑁

0 0

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

,

where zero elements have been left out.

Appendix B

From (13), (14), and (18)

𝑢(𝑘) − 𝑎𝑢(𝑘 − 1) = 𝑢1(𝑘) + 𝑢2(𝑘) − 𝑎𝑢1(𝑘 − 1) − 𝑎𝑢2(𝑘 − 1)

= 𝑒1(𝑘) + 𝑒2(𝑘) − 𝑎𝑒2(𝑘 − 1).

To find a spectral factor of 𝑢(𝑘), a realization in terms of a single scalar white-noise variable 𝑒(𝑘) with variance 𝜎2𝑒 is to be found.
By the simple structure of the model, such an realization should be of the form

�̃�(𝑘) − 𝑎�̃�(𝑘 − 1) = 𝑒(𝑘) + 𝑐𝑒(𝑘 − 1).

To show that �̃�(𝑘) indeed is a stable realization of 𝑢(𝑘), we show that there exists parameters 𝑐 and 𝜎2𝑒 such that the right-hand sides
have the same auto-correlation functions. The auto-correlation sequence of 𝑒(𝑘) + 𝑐𝑒(𝑘 − 1) is

𝑟0 = (1 + 𝑐2)𝜎2𝑒 , 𝑟1 = 𝑐𝜎2𝑒 , 𝑟𝑙 = 0, 𝑙 > 1,

and the auto-correlation sequence of 𝑒1(𝑘) + 𝑒2(𝑘) − 𝑎𝑒2(𝑘 − 1) is

𝑟0 = (1 + 𝑎2)𝜎22 + 𝜎21 , 𝑟1 = −𝑎𝜎22 , 𝑟𝑙 = 0, 𝑙 > 0.

Setting 𝑟0 = 𝑟0 and 𝑟1 = 𝑟1 gives 𝑟0 = (1 + 𝑐2)𝜎2𝑒 and 𝑟1 = 𝑐𝜎2𝑒 . Solving for 𝑐 and 𝜎2𝑒 gives the desired result.
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