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ABSTRACT Multibody system dynamics approaches together with state estimation methods can reduce
the need for a large number of sensors, especially in the digital twin of working mobile machinery.
To demonstrate this, a hydraulically actuated machine was modeled using the double-step semi-recursive
multibody formulation and lumped fluid theory in terms of system independent states. Next, because of
the high non-linearity of the modeled system and with respect to the reported performance degradation
of the Extended Kalman Filters (EKF), which are mostly related to the linearization procedure of this
filter, the Unscented Kalman Filter (UKF) was implemented to achieve high accuracy and performance.
The methodology of the proposed approaches was applied to a mobile log crane model PATU 655. The
implementation of the proposed estimation algorithms is demonstrated with three different multibody
based simulation models: the synthetic real system producing the artificial measurements, the simulation
model, and the estimation model. Encoders and pressure sensors, installed on the synthetic real system,
provided synthetic sensor measurement data. To mimic real-world conditions, the estimation and simulation
models used in the processing of the state estimation algorithm were assumed to have errors in the initial
conditions and force model. The proposed UKF was applied to the estimation model with the synthetic sensor
measurement data. The minimum percent normalized root mean square errors in the associated measured
and unmeasured states of case example were 0.11% and 1.86%, respectively. The UKF using the multibody
system dynamics formulations is able to estimate the case example states despite 15% and 60% errors in
mass and inertial properties of bodies and Payload, respectively, confirming the accuracy and performance
of the algorithm.
INDEX TERMS State estimation, multibody system dynamics, hydraulic actuators, unscented Kalman filter,
working machine, digital twin.
I. INTRODUCTION

Physics-based simulation gives insight and supports decision
making throughout the product lifecycle. Especially, realtime capable simulation models enable the development of
digital twins that can operate in parallel to the actual machine,
and therefore give insights into the machine and its operation.
For example, multibody-based methods are highly capable in
dynamic applications, e.g., in mobile heavy machinery, providing high accuracy, computational efficiency, and real-time
The associate editor coordinating the review of this manuscript and
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capability [1]–[3]. Real-time capability is desired, because
it can be used, for example, in simulators that respond to
real-time commands, i.e., operating the virtual machine in
the same way as its physical counterpart. A multibody formulation is based on the equations of motion that accurately describe the dynamics of a system under investigation.
Advanced multibody formulations, [4]–[7] can enable the
computer simulation of complicated real-world applications.
Further, the multibody formulations can be combined with
state and parameter estimation methods, [8]–[11] to enhance
the measurement data of a real system, [12]–[14]. The estimated data provides information about the unknown states
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and parameters, which can be used in the wide range of
condition monitoring and predictive maintenance of the real
system [3], [11], [12].
To estimate the system states that cannot be measured
due to physical limitations or the high cost of implementing extra sensors, state observers have received considerable attention. For linear systems, different methods such
as the Luenberger observer [15], Proportional Multi-Integral
observer [16], Sliding Mode Observer [17], and Kalman
filter [18] can be employed. The main advantage of linear
observers is their simplicity of implementation. However,
the main challenge is the inaccuracy of such methods in
estimating nonlinear systems. Among these observers, the
Kalman filter has been utilized as a state estimator in nonlinear systems, and it has proven to offer acceptable accuracy
for a wide variety of engineering applications. For example, it has been effective in control [19]–[21], biomechanics [22], fluid mechanics [23], heat transfer [24], and others
[25]–[29]. To improve accuracy, many variations of Kalman
filters have been developed such as the Extended Kalman
Filter (EKF) [30], Unscented Kalman Filter (UKF) [31],
Square-root UKF [32]–[34] and Cubature Kalman Filter [35].
In the multibody field, Cuadrado et al. used the EKF to
compare the efficiency of velocity projection and penalty
methods using an academic example in the state estimation [25], [26]. These studies concluded that the efficiency of
the velocity projection formulation was better than that of the
penalty method. This is because the velocity projection formulation uses a reduced number of variables. The combination of velocity projection formulation in natural coordinates
and the EKF was further extended to a 14-degree-of-freedom
(DOF) multibody system in an automotive application [27].
Further, the EKF had also been used in online state and
input force estimation applications using velocity projection
formulation [36]. Recently in [11], the double-step semirecursive formulation [37], a method based on coordinate
partitioning, was used to model the dynamics of a system.
Because coordinate partitioning is used, this formulation
offers an approach to describing the dynamics of a system
in terms of independent coordinates only. It could provide
excellent opportunities in state and parameter applications.
However, despite the advantages, using the double-step semirecursive formulation in state and parameter estimation applications still needs further researcher attention.
In the realm of state estimation, the independent coordinate method was introduced in [28] using the independent positions and velocities of the multibody models as the
states of a Kalman filter. With this method, a system of full
coordinates can be estimated in terms of independent coordinates for both open- and closed-loop multibody models.
In [28], various versions of the EKF and UKF were applied
to investigate the accuracy and efficiency of Kalman filters
using the independent coordinate method. In the literature,
the application of state estimation via Kalman filters on
multibody systems has been carried out using only the natural
coordinates [25]–[29], [36], [38]–[40]. However, in terms of
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computational efficiency, the choice of relative coordinates
in multibody systems could be a more appropriate choice for
real-time simulation applications [41], [42]. Nevertheless, the
selection of coordinates in the multibody system dynamics is
case dependent [43].
Using relative coordinates, the independent coordinate
method with the indirect EKF is extended to hydraulically
actuated systems [38]. Further, the independent coordinate
method is used with the EKF to estimate the parameters of
a hydraulically actuated system [11]. As shown by [25]–[29],
[36] and [38]; most state estimation applications in multibody
system dynamics use the EKF. However, the EKF is based
on the first-order linearization of the nonlinear system using
Jacobian calculations [19]. The first-order linearization procedure of the EKF results in performance degradation in the
case of complex nonlinear systems [44]. In these systems, the
EKF can lead to errors in the true means and covariances,
and subsequently in the estimation of systems states [45].
Further, the Jacobian calculations of such complex systems
in the EKF is computationally intensive [44]. An improved
version of the EKF is the generalized Polynomial Chaos
Extended Kalman Filter (gPC-EKF) [46]. In the multibody
system dynamics field, [47], [48], this filter is implemented
to estimate the uncertain states and parameters. However, its
accuracy decreases after a short time during the estimation
process, and it can only estimate a small number of states and
parameters [47], [48].
These drawbacks of the EKF were the reasons to develop
the alternative nonlinear unscented Kalman filter [31]. The
UKF is based on the Unscented Transformation (UT)
method [49]. The UT can capture the true mean and covariance of the associated system states using a set of predefined
points called sigma-points [45], [50]. With this technique, the
nonlinear nature of a system is preserved because the Jacobian of the system is computed to third-order accuracy [45],
[50]. The UKF results in more accurate state estimation
than the conventional EKF [51]. Note that, due to the number of sigma points, the computational efficiency of UKF
may be lower than EKF [28]. Nevertheless, the computational efficiency of UKF can also be improved through the
implementation environment [52], [53], programming details
details [54], sparse and parallelization methods [55], and the
automated differentiations tools [56]. However, despite the
reported benefits, the UKF has not yet been applied with
relative coordinates for coupled multibody and hydraulically
actuated systems. Further, most of the state estimation studies
in multibody system dynamics include the use of academic
examples [11], [25], [26], [28], [29], [38]. Moreover, the state
estimation literature in multibody dynamics discussed here
uses the velocity transformation method to model dynamics.
To fill these gaps, this study introduces the application
of the UKF for state estimation in a hydraulically actuated
log crane. Because of the earlier mentioned benefits, the
dynamics of mobile working machine is modeled using the
independent coordinates, independent velocities, and pressures as state variables. The independent coordinates and
VOLUME 10, 2022
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FIGURE 1. State estimation methodology using Kalman filters.
FIGURE 2. An example of a multibody system.

velocities can be determined using semi-recursive double step
multibody formulation, whereas the pressures can be determined using lumped fluid theory. As in the real-world, it is
difficult to accurately model a real system due to uncertainties
in the mass and inertial properties, and the joint tolerances.
To mimic this, errors in the mass and inertial properties of
the bodies in mobile log crane are considered during the
modelling process. Note that, in this study, only the states of
mobile log crane are estimated.
The objective of this work is to apply the state estimation
algorithm based on the UKF to a hydraulically actuated log
crane to reduce the need for a large number of sensors. To this
end, a hydraulically actuated log crane (PATU 655) [57]–[59]
was modeled using the double-step multibody system dynamics formulation and lumped fluid theory in the independent
coordinates. Three multibody simulation models were developed to demonstrate the UKF application: the synthetic real
system (providing the synthetic sensor measurements), the
estimation model, and the simulation model. Errors in the
force model and the initial conditions of the estimation and
simulation models were described with respect to the synthetic real system in terms of bodies inertia, joint tolerances,
Payload mass, and hydraulic parameters. To complement the
UKF algorithm, state variable variances were used to build
the process noise matrix. The performance and accuracy of
the UKF was validated using the working cycle and confidence intervals. The UKF state estimation algorithm for the
hydraulically actuated log crane is applicable to the digital
twinning of mobile heavy machinery in terms of accuracy and
robustness.
The following sections of this paper describe the state estimation methodology, the case example, and results obtained
followed by discussion, and conclusions.
II. STATE ESTIMATION METHODOLOGY

Figure (1) illustrates the methodology used to estimate the
states of a mobile working machine with a simulation model
using Kalman filters. As also discussed in [28] and [38],
the state estimation methodology employs the approximated
simulation model of a mobile working machine.
VOLUME 10, 2022

To estimate the real-world states, the simulation model
must be actuated using the same inputs as the actual machine.
Through its sensors, the mobile working machine can provide
the set of measurements. These are then compared with the a
priori estimated states using the multibody system. As shown
in Figure (1), at this stage, the difference between the a
priori estimated states and real synthetic measurements can
be corrected by implementing the Kalman filter [8], [9] and
measurement update (correction). Further, the updated state
and covariance estimations can be used in the next step for
the state estimation of the machine in simulation time.
A. MULTIBODY SYSTEM DYNAMICS

Dynamic systems, such as mobile working machines [42],
can be modeled using multibody dynamics to achieve realtime computation. In this study, machine dynamics was
described using the coordinate partitioning method, also
known as the double-step semi-recursive method [60], [61],
because it only requires the minimum set of coordinates [4],
[37]. The hydraulic actuators of the machine were modeled
using lumped fluid theory [62]. Here, the hydraulic cylinders
are not considered as separate bodies. Instead, the resultant
force computed from the hydraulic dynamics is fed into the
multibody equations of motion as an external force in a
monolithic framework.
1) DOUBLE-STEP SEMI-RECURSIVE MULTIBODY METHOD

In the semi-recursive method, the dynamics of a closed-loop
system are formulated by incorporating loop-closure constraints in the dynamics of its equivalent open-loop system
as shown in Figure (2). Here, the dynamics of an open-loop
system are formulated first in Cartesian coordinates and then
switched to relative joint coordinates using a velocity transformation matrix.
The reference point used to define the Cartesian coordinates of each body is a point on the moving body that instantaneously coincides with the origin of the inertial reference
frame. Here, the loop-closure constraints were incorporated
using the coordinate partitioning method [60].
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Consider a tree-structure open-loop system of Nb rigid
bodies with any number of branches. The Cartesian velocities
Zj ∈ R6×1 and the Cartesian accelerations Żj ∈ R6×1 of a
reference point on a body j can be written as
 
 
s̈
ṡj
, Żj = j ,
(1)
Zj =

In Eqs. (7) and (8), Jj is the inertia tensor, mj is the body mass,
gj is the position vector of the center of mass, a tilde (∼) represents the skew-symmetric matrix of a vector, fj ∈ R3×1 is the
external force vector, and τj ∈ R3×1 is the vector of external
moments with respect to the center of mass. The equations
of motion for the open-loop system can be described using
Eqs. (4) and (5) into Eq. (6) as

where ṡj and s̈j are the respective velocity and acceleration of
the reference point, and j and j are the respective angular
velocity and angular acceleration of the body. The Cartesian
velocities Zj and accelerations Żj in an open-loop system can
be recursively expressed using the previous bodies as [60]

RTd TT M̄TRd z̈ = RTd TT (Q̄ − M̄TṘd ż) ⇒ M̄6 z̈ = Q̄6 ,
(9)

j

j

Zj = Zj−1 + bj żj ,

(2)

Żj = Żj−1 + bj z̈j + dj ,

(3)

and

where bj and dj are the vectors dependent on the joint
type [25] between bodies j and j − 1, and the scalars zj , żj , and
z̈j are the relative joint coordinate, velocity, and acceleration
of that joint, respectively. This method assumes only revolute
and prismatic joints because other joints can be expressed
as their combination and as massless intermediate bodies.
Furthermore, the Cartesian velocities can be mapped onto a
set of relative joint velocities using a velocity transformation
matrix R̄ ∈ R6Nb ×Nb as [25], [60]
Z = R̄ż = TRd ż,

and
z̈ = Rz z̈i + Ṙz żi ,

(4)
żi

and
˙ = TR z̈ + TṘ ż,
Ż = R̄z̈ + R̄ż
d
d

(5)

where z ∈ RNb , ż ∈ RNb and z̈ ∈ RNb are the respective vectors of the relative joint coordinates, velocities, and
accelerations, T ∈ R6Nb ×6Nb is the constant path matrix
describing the open-loop topology [25], Rd ∈ R6Nb ×Nb is a
block diagonal matrix consisting of vectors bj in ascending
˙ is a vector containing vectors d . Here,
order, and the term R̄ż
j
iT
h
iT
h
T
T
T
T
T
T
Z = Z1 , Z2 , . . . , ZNb and Ż = Ż1 , Ż2 , . . . , ŻNb .
Using the principle of virtual work, the virtual power of the
inertia and external forces acting on the open-loop system can
be written as [37], [60]
Nb
X

Z∗T
j (M̄j Żj − Q̄j ) = 0,

(6)

j=1

where an asterisk (*) denotes the virtual velocities that are
assumed to be kinematically admissible, and M̄j ∈ R6×6 and
Q̄j ∈ R6×1 are the respective mass matrix and external force
vector of body j that can be written as [60]


mj I3
−mje
gj
M̄j =
,
(7)
mje
gj Jj − mje
gje
gj
and



fj − j ( j mj gj )
Q̄j =
.
τj − j Jj j + e
gj (fj − j ( j mj gj ))
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where M̄ ∈ R6Nb ×6Nb is the composite diagonal mass
matrix consisting of matrices M̄j , composite external force
vector Q̄ ∈ R6Nb is the composite external force vector
T T
6
6
of vectors Q̄
 j , M̄ = Rd T M̄TRd , and Q̄ =
consisting
T
T
Rd T (Q̄ − M̄TṘd ż) .
In dealing with closed-loop systems in this study, a set of
Nm loop-closure constraints 8 (z) = 0 are incorporated using
the coordinate partitioning method [60], [61]. Here, the constraints were assumed to be holonomic and scleronomic. The
relative joint velocities were mapped onto a set of independent relative joint velocities using a velocity transformation
matrix Rz ∈ RNb ×Nf as [4], [60]

 d 
ż
−(8dz )−1 8iz i
ż = Rz żi ⇒
ż ,
(10)
=
INf
żi

(8)

RNf

żd

(11)

RNm

and ∈
are the respective independent
where ∈
and dependent relative joint velocities, z̈i ∈ RNf are the
independent relative joint accelerations, 8iz ∈ RNm ×Nf and
8dz ∈ RNm ×Nm are the respective independent and dependent
columns of the Jacobian matrix 8z , and Nf are the degrees of
freedom of the closed-loop system. In this study, the inverse
of 8dz is guaranteed by assuming that singular configurations
and redundant constraints do not exist.
Accordingly, the equations of motion for the closed-loop
system can be described using Eqs. (10) and (11) into Eq. (9)
as


RTz M̄6 Rz z̈i = RTz Q̄6 − M̄6 Ṙz żi ⇒ M̄6 z̈i = Q̄6 ,
(12)
where the term Ṙz żi are the Cartesian accelerations computed
with the true relative joint velocities and the zero independent

relative
M̄6 = RTz M̄6 Rz , and Q̄6 =
 T 6joint accelerations,

Rz Q̄ − M̄6 Ṙz żi .
2) LUMPED FLUID THEORY

The pressures in a hydraulic circuit can be modeled using
lumped fluid theory [62]. This theory assumes a hydraulic
circuit in terms of discrete volumes. The pressures inside the
discrete volumes are considered equally distributed and the
effect of acoustic waves is ignored [62], [63].
The application of lumped fluid theory on a discrete
volume describes it in the form of an equally distributed
VOLUME 10, 2022
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where pa and pb are the pressures on the piston and piston-rod
side that can be calculated using Eq. (13), and Fµ is the total
sealing friction that can be written as [64], [65]




ṡ
ṡ
v
+ (Fs − Fc )   s
Fµ = Fc tanh 4
2
2
vs
1 ṡ
3
+
4 vs
4
+ σ2 ṡ tanh(4),
FIGURE 3. A double acting hydraulic cylinder.

pressure ps , the effective bulk modulus Bes and the hydraulic
volume Vs . The pressure build-up ṗs can be computed
as [62], [63]
!
ns
dVs X
Bes
−
+
Qsc ,
(13)
ṗs =
Vs
dt
c=1

where Qsc is the sum of incoming and outgoing flows to the
volume, and ns is the total number of hydraulic volume flows
going in or out of the volume Vs . The effective bulk modulus
Bes of a hydraulic volume can be calculated as
!−1
nc
X
Vc
1
Bes =
+
,
(14)
Bo
Vs Bc
c=1

where Bo is the bulk modulus of oil, Vc is the sub-volume,
nc is the total number of sub-volumes, and Bc is the bulk
modulus of the sub-volume. By employing a semi-empirical
method, the volume flow rate Qd through a directional control
valve can be computed as [62], [63]
p
Qd = Cv U sgn(1p) | 1p |,
(15)
where Cv is the semi-empirical flow rate coefficient, U is the
relative position of the spool, sgn (·) is the signum function
to define the direction of flow rate, and 1p is the pressure
difference over the valve ports. Eq. (15) is accompanied by
the following first order differential equation
Uref − U
,
(16)
τ
where Uref is the reference voltage signal, and τ is the time
constant. The volume flow rate Qd is assumed laminar in
this study for a pressure difference of less than two bars, and
Eq. (15) is modified to follow a linear relation between Qd
and 1p.
In a double-acting hydraulic cylinder as shown in Figure (3), the incoming flow rate Qa and outgoing flow rate Qb
can be computed as
U̇ =

Qa = ṡAa ,

Qb = ṡAb ,

(17)

where ṡ is the piston velocity and, Aa and Ab are the areas on
the piston and piston-rod side of the cylinder, respectively.
The force Fh produced by the hydraulic cylinder can be
written as
Fh = pa Aa − pb Ab − Fµ ,
VOLUME 10, 2022

(18)

(19)

where Fc is the Coulomb friction, vs is the Stribeck velocity,
Fs is the static friction, and σ2 is the coefficient of viscous
friction.
3) COUPLED MULTIBODY AND HYDRAULIC DYNAMICS

The monolithic coupling of the double-step semi-recursive
multibody method with lumped fluid theory was described
in [66]. For stiff systems, integration can be more computationally efficient using this approach than with direct methods. And the integration scheme can be scaled to the system.
In a hydraulically actuated multibody system, the generalized force vector Q̄6 in Eq. (12) is additionally dependent
on hydraulic pressures. Accordingly, the coupled system of
equations can be written as [66]
)
M̄6 (z)z̈i = Q̄6 (z, ż, p)
,
(20)
ṗ = u0 (z, ż, p)
where p and ṗ are the respective vectors of hydraulic pressure
and pressure build-up, and u0 are the pressure variation equations. The dependency of Q̄6 and u0 with respect to z, ż, and p
are assumed known. The dependency of the mass matrix M̄6
with respect to z is both due to transformation matrices Rz
and Rd and due to position vector of a body center of mass gj
appearing in the mass matrix M̄j of the respective body.
The coupled system of equations can be integrated using an
implicit single-step trapezoidal rule as in [37], [67]. Although
this integration method requires an iterative solution algorithm, it is commonly used in multibody simulations due to
its good robustness and stability properties for the stiff system [25]. For a vector consisting of independent coordinates
zi ∈ RNf , independent velocities żi ∈ RNf , and pressures p,
the trapezoidal rule is defined as
 i
 i
 i 
 i 
z
z
ż
ż
1t
żi 
z̈i  + z̈i   ,
(21)
= żi  +
2
ṗ k+1
p k+1
p k
ṗ k
where k is the time-step index. When considering the positions and pressures as primary variables, the velocities, accelerations and pressure build-ups can be solved from Eq. (21)
as


2 i
2 i


żik+1 =
zk+1 −
zk + żik 


1t
1t




4
4
4
i
i
i
i
i
z
−
z
+
(22)
z̈k+1 =
ż
+
z̈
k .
1t 2 k+1
1t 2 k 1t k





2
2

pk+1 −
pk + ṗk 
ṗk+1 = pk +

1t
1t
62867

Q. Khadim et al.: State Estimation in a Hydraulically Actuated Log Crane Using Unscented Kalman Filter

The application of the trapezoidal rule Eq. (22) to Eq. (20)
leads to a nonlinear system of equations as
"
#
 
T
T
1t 2 M̄6 z̈i − Q̄6
i
T
f (x̄) ≡
= 0, x̄ = z , p
,
4
ṗ − u0
(23)
where f (·) is a nonlinear function, and x̄ is the vector of
unknowns (primary variables) in the integration scheme.
Such nonlinear system of equations can be iteratively solved
using the Newton–Raphson method as


∂f (x̄) (h)
(h)
(h)
1x̄k+1 = − [f (x̄)]k+1 ,
(24)
∂ x̄ k+1
h
i
where [f (x̄)] is the residual vector, ∂f(x̄)
is the tangent
∂ x̄
matrix, 1x̄ is the difference in x̄, and
h h isi the iteration step.
is approximated
In this study, the tangent matrix ∂f(x̄)
∂ x̄
numerically using the forward differentiation rule as
df (x̄0 )
f (x̄0 + ) − f (x̄0 )
≈
,
(25)
d x̄

where f (·) is the nonlinear function,  is the differentiation increment, and x̄0 is the point at which the derivative
is approximated. Ill-conditioning of the tangent matrix is
avoided by computing  as [66]


 = 1 × 10−8 max 1 × 10−2 , | x̄0 | ,
(26)
where 1 × 10−2 limits the minimum value for the differentiation increment to 1 × 10−10 .

estimated state vector x̂+
k−1 , a set of sigma points χk−1 ∈
R(2L+1)×(1) is generated from the Gaussian distribution as

χk−1 (0) = x̂+

k−1



q

+
+
0
χk−1 (j ) = x̂k−1 + η( Pk−1 )j0 ,
(27)


q



+
χk−1 (j0 + L) = x̂+
k−1 − η( Pk−1 )j0
√
where j0 = 1, . . . , L, η = L + λ and λ = L(A2 − 1). The
constant A is chosen from 0 < A ≤ 1 which defines the
spread of sigma points around the mean state vector x̂+
k−1 .
√
In Eq. (27), . is the square root using lower triangular matrix
of the Cholesky decomposition. (.)j0 is the j0 th column. The
generated sigma points χk−1 are then transformed through
the dynamic equation for the next integration time step as
χk (j0 ) = f(χk−1 (j0 ), uk (j0 )),

(28)

where χk−1 (j0 ) is the j0 th column of sigma points and uk (j0 ) is
the j0 th vector of inputs. For instance, in case of hydraulically
driven system, the vector of inputs uk (j0 ) is the control input
signal U . As mentioned earlier, χk−1 (j0 ) is the scattered independent state vector. The a priori mean state vector x̂−
k and
covariance matrix P−
can
be
calculated
using
the
following
k
relationships

2L+1

X



x̂−
Wim0 χk (i0 )

k =


i0 =0
,

2L+1

X

− T
0
w

P−
Wic0 (χk (i0 ) − x̂−
k =
k )(χk (i ) − x̂k ) + R 

i0 =0

(29)

B. STATE ESTIMATION ALGORITHM

The multibody system dynamics methods described previously in Section II-A make it possible to formulate the coupled mechanical systems in terms of a independent state
T
vector of length L as x̂ = (zi )T (żi )T pT . Because of the
drawbacks inherent with the conventional EKF, an alternative
version of the Kalman filter for nonlinear systems, the UKF,
can be applied to estimate the states of hydraulically actuated
systems. The principles of the UKF method are described in
the following paragraphs.
1) UNSCENTED KALMAN FILTER (UKF)

As with all Kalman filters, the UKF comprises two state
estimation stages: the time update and the measurement
update (corrections). Unlike the EKF, which uses a linearization technique to handle the nonlinear system and estimate
the states of the system, the UKF uses a technique called
Unscented Transformation (UT) in the time update phase to
handle the nonlinear system with no need to linearize [68].
The UT method is based on calculating a set of points
(sigma-points) and propagating these through the nonlinear
dynamic equations of the system. Then, these propagated
points are used to calculate the mean and the covariance of
the state vector. With the covariance matrix P+
k−1 and the
62868

where
= λ/(L + λ),
=
+ (1 −
+ B) and
Wic0 =
= 1/2(L + λ) for i0 = 1, . . . , 2n are the weights
used in the UKF. The constant B is generally taken as 2 for
Gaussian noise distributions. To correct the estimated a priori
mean and covariance, these estimations are forwarded to the
measurement update stage.
In this stage, using the a priori mean and covariance estimations, a new set of sigma points are regenerated based
on formulations of the Eq. (27). The sensor measurement
function h(.) is now taken into account as Yk (j0 ) = h(χk (j0 ))
to find the measurement mean ŷk , the covariance Py and the
cross covariance Pxy as

2L+1
X


m
0

ŷk =
Wi Yk (i )




0
i =0





2L+1

X


c
v
0
0
T
Py =
Wi0 (Yk (i ) − ŷk )(Yk (i ) − ŷk ) + R ,



i0 =0




2L+1

X




−
c
0
0
T


Pxy =
Wi0 (χk (i ) − x̂k )(Yk (i ) − ŷk )

W0m
Wim0

W0c

W0m

A2

i0 =0

(30)
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where Rv is the measurement noise matrix. Py and Pxy are
used to find the Kalman gain Kk ∈ RL×nh . With Kk , the a
+
posteriori mean state vector x̂+
k and the covariance matrix Pk
are calculated as
Kk = Pxy P−1
y






−
x̂+
k = x̂k + Kk (ok − ŷk ) ,


−
T
P+
=
P
−
K
P
K
k
y
k
k
k

(31)

where ok ∈ Rnh are the sensor measurements. For the next
iteration, the updated mean and covariance matrices are fed
back into the time update stage. The loop of state estimation
continues throughout the time period of the working cycle of
the hydraulically actuated log crane.
2) COVARIANCE MATRICES OF PROCESS AND
MEASUREMENT NOISES

The performance of the UKF depends on accurate design of
the tuned parameters and matrices. Among all these parameters, the process and measurement noise covariances, Rw and
Rv , most impact the performance of the UKF. Any mismatch
between the real noise covariances and those assumed in
the UKF algorithm may cause performance degradation and,
in some cases, may lead to divergence. Because the physical
system is replaced here with a simulated multibody system
and because of the virtual sensor implementation on this
model, it is possible to extract measurement noise covariance
properties. For instance, using the position and the parameter
sensors, the measurement noise covariance can be defined as,
"
v

R =

σz0

2

INf

0(Nf ×np )

0(Nf ×np )
2
σp0 Inp

#
(32)

in which σz0 and σp0 are the variance of measurement noise
as a function position level and the variance of measurement
noise in artificial parameter sensor, respectively. Furthermore, 0(Nf ×np ) represents the zero matrix of the order system
degree of freedom Nf and the number of pressure sensors np .
Inp indicates the identity matrix of the order np .
As for the process noise, because acceleration errors in the
force model of the physical system, the structure of the process covariance matrix can be complex. These errors arises
from the fact that the distributions of masses are unknown,
and the forces in the physical system are inaccurately modeled. Moreover, geometrical properties and the integration of
the multibody also introduce some errors. However, geometrical properties can be modeled with high accuracy so this
shortcoming can be overlooked. The integration errors can
also be assumed negligible in comparison to the acceleration
errors. Therefore, it can be assumed that only the variance
at acceleration level has a significant effect on process noise
covariance, a point also made in [28], [29]. Using the Van
Loan’s method of integration, the process noise covariance
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TABLE 1. Mass and inertial properties of the bodies of PATU 655 mobile
log crane.

can be calculated as:

3
σz̈2 1t3 INf


Rw =  σ 2 1t 2 INf
 z̈ 2
0(np ×Nf )

σz̈2 1t2 INf

0(Nf ×np )

σz̈2 1tINf

0(Nf ×np )

0(np ×Nf )

σp2 Inp

2




,


(33)

where 1t is the integration time step.
III. CASE: STATE ESTIMATION IN HYDRAULICALLY
ACTUATED LOG CRANE

The state estimation methodology, described previously in
Section II was applied to estimate the states of the PATU
655 mobile log crane presented in Figure (4). To replicate the
digital twin, the physical system and the simulation model
of the PATU 655 mobile log crane, based on multibody
formulations, were used. The dynamics were modeled via the
multibody dynamic formulations and lumped fluid theory as
described in Section II-A in terms of the system independent
coordinates. The simulation modeling of the mechanism and
how it was used in the state estimation methodology are
described below.
A. PATU 655 LOG CRANE MODEL

As Figure (4) illustrates, the Lift Boom, Bracket 1, Bracket 2,
Outer Boom, and Payload describe the bodies of the multibody system model in the global coordinate system XYZ .
These bodies are connected via revolute and fixed joints.
As Figure (4) shows, the masses and inertias of the bodies
in system are not uniformly distributed about the central axis.
The actual masses and inertial properties of the bodies, taken
from reference studies [57]–[59], were considered to model
the dynamics of the system
Tab. 1 lists the mass and inertial properties used in the
simulation of the PATU 655 mobile log crane. Relative joint
angles z1 , z2 , z3 and z4 demonstrate the position of bodies
in the global coordinate system. As shown by Figure (4),
Bracket 2 is attached to Outer Boom at point D via a revolute
joint to form a closed loop.
The double-step semi-recursive formulation is used to
incorporate the dynamics of the closed loop. In this Nf sys
T
tem, an independent joint position vector zi = z1 z4 is
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TABLE 2. Parameters of the hydraulic circuit.

FIGURE 4. Multibody model of PATU 655 mobile log crane. Pillar, Lift
Boom, Bracket 1, Bracket 2 and Outer Boom are connected to each other
via revolute joints at points O, B, C , and A, respectively. The fixed joint at
point E connects the Payload to the Outer Boom. Two hydraulic cylinders
actuates the PATU 655 mobile log crane with two directional control
valves operated by the input signals U1 and U2 and the pump source.

flow rates of the directional control valve. These flow rates
were calculated using Eq. (15). In Eq. (34), ṡ1 and ṡ2 represent
the velocities of hydraulic cylinders 1 and 2. ṡ1 and ṡ2 can
be determined from the position vectors of the hydraulic
cylinders s1 and s2 . The vectors s1 and s2 were calculated as
)
s1 = rG − rF
,
s2 = rC − rH
chosen to complement the double-step semi-recursive formulation. Note that the Pillar is not modeled in the dynamic
simulation model of system.
The PATU 655 mobile log crane is actuated by two
hydraulic cylinders. A constant pump source pp powers
the hydraulic cylinders through the hydraulic circuit. The
hydraulic circuit comprises the directional control valves,
the hydraulic volumes V1 , V2 , V3 and V4 , a constant pump
source, and a tank of constant pressure source pt . The input
signals U1 and U2 actuate hydraulic cylinders 1 and 2 via
directional control valves 1 and 2, respectively. Hydraulic circuit parameters of mobile log crane taken from the reference
studies [57]–[59], were used to model the hydraulic circuit.
These are listed in Tab. 2.
Applying the lumped fluid theory, the pressures through
the hydraulic volumes can be written in differential form as

Be

ṗ1 = 1 (Qd1 − A1 ṡ1 ) 


V1




Be2

ṗ2 =
(A2 ṡ1 − Qd2 ) 

V2
,
(34)
Be


ṗ3 = 3 (Qd3 − A3 ṡ2 ) 


V3




Be4

ṗ4 =
(A4 ṡ2 − Qd4 ) 
V4
where Be1 , Be2 , Be3 and Be4 are the effective bulk modulus
of the respective volumes, and Qd1 , Qd2 , Qd3 and Qd4 are the
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(35)

where rG , rF , rC , and rH are the position vectors of point G,
F, C, and H , with respect to the O0 origin of the system. The
actuator velocities ṡ1 and ṡ2 of hydraulic cylinders 1 and 2,
were determined as
ṡ1 =

d | s1 |
s1
s1
= ṡ1 ·
= ṙG ·
1t
| s1 |
| s1 |

ṡ2 =

d | s2 |
s2
s2 


= ṡ2 ·
= (ṙC − ṙH ) ·
1t
| s2 |
| s2 |






,

(36)

where ṙG , ṙC , and ṙH are the velocity vectors of points G, C,
and H . The hydraulic volumes V1 , V2 , V3 , and V3 appearing
in Eq. (34) were calculated as follows.

V1 = Vh1 + A1 l1 




V2 = Vh2 + A2 l2 
,
V3 = Vh3 + A3 l3 





V4 = Vh4 + A4 l4

(37)

where Vh1 , Vh2 , Vh3 , and Vh4 are the hydraulic volumes of the
respective hoses as described in Tab. 2. In Eq. (37), l1 and
l2 are the lengths of the piston sides and l3 and l4 are the
lengths of the piston-rod side chambers for cylinders 1 and 2,
respectively. l1 , l2 , l3 , and l4 were calculated from the vectors
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TABLE 3. Errors in the force model of estimation model with respect to
the synthetic real system.

s1 and s2 as
l1 = l10
l2 = l20


− |s1 | + s10 




+ |s1 | − s10 

l3 = l30 − |s2 | + s20 





l4 = l40 + |s2 | − s20

,

(38)

where l10 , l30 , l20 , and l40 are the initial piston side lengths
and piston-rod side lengths of the cylinders 1 and 2. l10 , l30 ,
l20 , and l40 were computed from the length of the cylinders
(l1 and l2 ). See Tab. 2. The hydraulic forces Fh1 and Fh2
produced by the hydraulic cylinders can be expressed as
T 

s1Y
s1Z
s1X


Fh
Fh
Fh

Fh1 =
| s1 | 1 | s1 | 1 | s1 | 1 
(39)
T  ,

s2Y
s2Z
s2X


F
F
F

Fh2 =
h
h
h
| s2 | 2 | s2 | 2 | s2 | 2
where Fh1 and Fh2 can be computed from Eq. (18). The
vectors of external moments τ1 , τ2 , and τ3 acting on the
Lift Boom, Bracket 1 and Bracket 2, due to the hydraulic
forces Fh1 and Fh2 were calculated using the crane geometry.
The hydraulic force vectors Fh1 and Fh2 and the vectors
of the external moments τ1 , τ2 , and τ3 were combined in
the external force vector Q to formulate the equations of
motion for the PATU 655 mobile log crane. The resultant
equations of motion were solved using a single step implicit
trapezoidal integration scheme tacking a monolithic approach
as described previously in Section II-A3.
1) SYNTHETIC REAL SYSTEM AND ESTIMATION MODEL

To apply the methodology, described in the Section II, a simulation model of the PATU 655 mobile log crane based on the
parameters presented in Tab. 1 and Tab. 2 was modeled. In the
methodology, this model acts as the synthetic real system. The
sensor measurement data o is taken from the synthetic real
system.
As demonstrated in the Section II, the accurate computer
simulation of a physical system may not be possible. The
simulation model can have errors in the force model with
respect to the corresponding real system. To this end, in this
study, the simulation model with errors was used in the state
estimation algorithm to estimate the states of the physical
system. This model is called the estimation model. Tab. 3
shows the errors in the estimation model with respect to the
synthetic real system.
In Tab. II, J̄1 , J̄2 , J̄3 , J̄4 , and J̄5 represent the inertia
tensors of the Lift Boom, Bracket 1, Bracket 2, Outer Boom
and Payload, respectively. In practise, the mass and inertial
properties of the Payload in a physical system are not known.
In the estimation model, a 10kg Payload with a 60% inertial
property difference with respect to the Payload of the physical
system was considered. Further, 15% error was used in J̄1 and
J̄4 of the estimation model with respect to the synthetic real
system. This is because of the complicated shape of the Lift
Boom and Outer Boom. It is difficult to accurately determine
VOLUME 10, 2022

TABLE 4. Errors in the initial conditions of estimation model with respect
to the synthetic real system.

the inertial properties these real-world surface areas. For
Bracket 1 and Bracket 2, a 5% error was considered due
to the relatively simpler shapes. Moreover, a ±5mm error
in the joint tolerances of the estimation model demonstrated
the possible differences in the joint locations between the
simulated and real-world systems. Additionally, the pump
pressure pp in the estimation model had a difference of 20 bar
with respect to the synthetic real system. The modeling errors
described in Tab. 3 affects the dynamics of the estimation
model in the working cycle.
Tab. 4 reveals the differences in the initial conditions
between the estimation model and the physical system. z10
and z40 represent the initial angles of the Lift Boom and the
Outer Boom, respectively. Similarly, p10 , p20 , p30 , and p40
are the initial pressures of the corresponding sides of the
hydraulic cylinders. Using the errors of Tab. 3 and Tab. 4,
a simulation model of PATU 655 mobile log crane was also
used in the Section IV to demonstrate the effect of errors in
the simulation world with respect to the synthetic real system.
2) SYNTHETIC SENSOR MEASUREMENTS

To mimic the sensor measurement process, the sensor measurement function h was used to extract measurable data from
the synthetic real system at 1kHz sensor frequency. Further,
white Gaussian noise was added on the extracted data to
mimic real sensor properties. In this way, the extracted data
was manipulated to behave like the actual sensor measurements o and is named as the synthetic measurements.
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The sensor measurement
vector, in the case of synthetic

T
real system, is o = z1 z4 p1 p4 . It was assumed that
the synthetic encoders are installed at the joint locations O
and A to measure the angles z1 and z4 , respectively. The
standard deviation for synthetic encoders was taken as σz0 =
1◦ from reference studies [29] and [11]. Synthetic gauge
pressure sensors were installed on the respective volumes to
measure the pressures p1 and p4 in the synthetic real system.
As discussed in [38], the synthetic gauge pressure sensors
measure pressure with respect to atmospheric pressure, and
their standard deviation values are σp0 = 1.5 bar.
B. CASE MODEL STATE ESTIMATION ALGORITHM

The application of state estimation algorithm on the estimation model requires an independent state vector x̂+ and
the covariance matrix P̂+ . In the 2 DOF system shown in
Figure (4), the independent state vector x̂+ can be defined
as

T
x̂+ = z1 z4 ż1 ż4 p1 p2 p3 p4 ,
(40)
where ż1 and ż4 are the angular velocities of Lift Boom
and Outer Boom, respectively. The length of the state vector
is L = 8 according to Eq. (40). It will create 17 sigma
points at each time step which will be propagated through
the simulation model for different states 2L + 1 times. The
2
2
initial covariance matrix P̂+
0 contains σz0 = 0.035 rad ,
2
, and σp20 = 22.50 × 107 Pa2 to represent
σż20 = 0.087 rad
s2
the covariances of angles, angular velocities, and pressures
in the diagonal matrix of dimensions (L × L).
The implementation of the UKF in the physical system
employs A = 0.99 and B = 0 in the update and prediction
stages during the state estimation process. To estimate the
states of the physical system, Eq. (27) to Eq. (31) were
implemented with the estimation model. As demonstrated in
Eq. (29), the state estimation algorithm was complemented
by the process noise matrix Rw . The structure of Rw was
built using Eq. (33) with the variances at acceleration levels
as σz̈2 = 0.0175 rad2 /s4 and pressure levels as σp2 = 259.8 ×
108 Pa2 .
IV. RESULTS AND DISCUSSION

The implementation of UKF based state estimation algorithm is carried out by Intel(R) Core(TM) i7-6600 CPU at
2.60GHz, 16 GB RAM, Windows 10 Enterprise 64-bit operating system in the MATLAB environment. In the following
paragraphs, the results of the UKF-based state estimation
algorithm are validated, and its performance is analyzed
against the synthetic real system in the working cycle.
To this end, the synthetic real system was actuated using
the hydraulic inputs U1 and U2 . The combined equations
of motion of PATU 655 mobile log crane were integrated
at the time step of 1 ms using the trapezoidal integration
method described in Section II-A3 for 25s. The estimation
model and the simulation model were also actuated using
62872

FIGURE 5. Estimation of the hydraulically actuated log states using the
UKF with 15% error.
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the similar inputs U1 and U2 , time steps and the integration
schemes to demonstrate the state estimation methodology.
The performance and validation of state estimation algorithm
is explained below in terms of working cycle and confidence
intervals.
A. WORKING CYCLE

FIGURE 6. Estimation of the hydraulically actuated log crane states using
the UKF with 15% error in J̄1 and J̄4 .
VOLUME 10, 2022

The following paragraphs discuss the accuracy and describe
the validation of the state estimation algorithm across the
working cycle. Figure (5) illustrates the performance of the
state estimation algorithm for the hydraulically actuated log
crane with 15% error in J̄1 and J̄4 . Step input signal U1 raised
the Lift Boom from 2 to 5s and lowered it from 18 to 21s
using hydraulic cylinder 1. Hydraulic cylinder 2 was actuated
by step input signal U2 to lower and raise the Outer Boom
from 7 to 10s and 12 to 14s, respectively.
Showing the angle and angular velocities of the Lift
Boom and Outer Boom in response to the input signals
of U1 and U2 , Figure (5) illustrates how the estimation
), estimated synmodel based on the UKF algorithm (
thetic real system performance (
) using the synthetic
sensors measurement data of the Lift Boom and Outer Boom
angles. Note that the UKF was implemented based on the
simulation model (
) with the modeling errors set in
Tab. 3 and Tab. 4.
As shown by Figures (5a) and (5b), the UKF tracked the
states of the physical system and converged quickly. This
is because of the available synthetic sensors measurement
data in these two states. The state estimation algorithm also
reduced the impact of noise in synthetic sensor measurements. The UKF provided much smoother state estimation
than the synthetic sensors measurement data of the synthetic
real system. To have a better understanding of the estimation
accuracy of the UKF, the Percent Normalized Root Mean
Square Error (PN-RMSE) was calculated. The PN-RMSE of
estimation was 0.33% and 1.07% for the Lift Boom and Outer
Boom angles, respectively.
Regarding the angular velocities of the booms, Figures (5c)
and (5d) reveal that the UKF as implemented was also capable
of tracking the physical system with a PN-RMSE of 2.05%
and 2.58%, respectively. Without synthetic sensors measurement data for the angular velocities of the booms, the UKF
was able to provide a high accuracy estimation of synthetic
real system performance. In Figures (5c) and (5d), the physical system curve represents the expected behavior of the
angular velocities. There was no actual sensor measurement
data available for these states.
As for the hydraulic pressures, modelling errors are introduced in the simulation model to effect the pressures p1 ,
p2 , p3 and p4 with respect to the synthetic real-system during the working cycle. In this model, the mass and inertial
properties of Payload and Outer Boom effect the pressures
p3 and p4 in the hydraulic cylinder 2. However, the pressures
p1 and p2 depend upon the mass and inertial properties of Lift
Boom, Bracket 1, Bracket 2 and the closed loop mechanism.
In this regard, mass and inertial errors are introduced in the
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FIGURE 7. Errors in the states of the hydraulically actuated log crane in the 95% confidence interval zone.

corresponding bodies as the inertial properties of complex
geometrical shapes can be difficult to determine in practise.
For instance, the dimensions of bodies can be measured easily
but the inertial properties of bodies having complex geometry
may require disassembly of the related components in the
system.
Figure (6) represents the estimation model performance
for the pressure states p1 , p2 , p3 and p4 . Because there
were synthetic sensors for p1 and p4 , these states converged
quickly and accurately. See Figures (6a) and (6d), respectively. The PN-RMSE of these two states was 0.1209%
and 0.3127%. Regarding the performance of p2 and p3 ,
Figures (6b) and (6c) reveal that despite the lack of sensor
measurement data in these states, the UKF implementation
was capable of tracking and estimating the system states of
the physical system with a PN-RMSE of 1.91% and 5.92%,
respectively.
Tab. 5 summarizes the results of state estimation algorithm
on the hydraulically actuated log crane with the different set
of input signals U1 and U2 , and 5%, 15% and 25% errors
in the inertial properties of J̄1 and J̄4 , respectively. The other
errors were similar to those described in Tab. 3. Tab. 5 reveals
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that the minimum PN-RMSE in the measured and unmeasured states of case example were 0.11% and 1.86%.
Note in this study the mass and inertial properties of the
Lift Boom, Bracket 1, Bracket 2, Outer Boom and Payload,
respectively are considered as the modelling errors to affect
the dynamics of system in the working cycle. These assumptions are made to replicate the real-world conditions as it is
difficult to accurately model a real system due to uncertainties
in the mass and inertial properties, and the joint tolerances.
The mass and inertial errors, according to Tab. 3 are not time
dependent and relatively smaller than the pump pressure difference. However, the mass and inertial properties of bodies
are not estimated. Nevertheless, the mass and inertial properties of bodies with the states of system can be estimated using
the UKF based algorithm through the joint or dual estimation
methods [69]–[72]. To further analyze the performance of the
estimation model, the behavior of estimated states in the 95%
confidence intervals (CI) are explained in the next section.
B. CONFIDENCE INTERVALS

Confidence intervals define the variation of covariance of
associated system states in the state estimation process. The
VOLUME 10, 2022
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successful implementation of the UKF-based state estimation
algorithm in the PATU 655 mobile log crane can be explained
through the errors of system states in the CI zone during the
simulation process. In Figure (7), the errors in z1 , z4 , ż1 , ż4 ,
p1 , p2 , p3 and p4 are presented in the 95% CI zone. These
errors in the estimated states were computed with respect to
the synthetic real system.
As demonstrated earlier, the state estimation with the UKF
in the PATU 655 mobile log crane uses z1 , z4 , p1 , and p4 as
the synthetic sensors measurements from the synthetic real
system. Figures (7a), (7b), (7e) and (7h) describe that the
errors in z1 , z4 , p1 , and p4 , were according to a Gaussian
distribution in the 95% CI zone. However, for the states ż1 ,
ż4 , p2 , and p3 , the synthetic sensors measurements were not
used in the state estimation algorithm.
Errors in ż1 , ż4 , p2 , and p3 remained in the 95% CI zone
during the simulation process. These states also behaved in
a Gaussian distribution in Figures (7e), (7d), (7f) and (7g).
This implies that all states of PATU 655 mobile log crane
were accurately estimated using the UKF-based state estimation algorithm. Figures (5) and (6), PN-RMSE of states, and
Figure (7) all confirm the accuracy and performance of the
UKF in the PATU 655 mobile log crane.
Note that in this study the computational aspects of UKF
in mobile log crane have not been focused, as the designed
UKF is implemented in MATLAB environment. However,
as demonstrated in [52], [53], the computational efficiency
depends upon the implementing environment and can be
improved in C++ or Fortran. For instance, for the used case
example in [52], the computational efficiency was improved
by 500 times in C++ as compared to MATLAB environment.
Further, the computational efficiency of UKF based state
estimation algorithm can be enhanced through the implementation details, sparse and parallelization methods, and the
automated differentiations tools.
V. CONCLUSION

This work proposes state estimation in a hydraulically actuated log crane using the UKF and a reduced number of
sensors. To this end, the UKF was implemented on the 2 DOF
system of a PATU 655 mobile log crane. System dynamics
was modeled using the double-step semi-recursive formulation and lumped fluid theory to formulate an independent state vector. The actual masses, inertial properties, and
hydraulic parameters of the system were used to model the
dynamics taken from reference studies. To demonstrate the
application, three simulation versions of the system (the synthetic real system, the estimation model, and the simulation
model) were used and their performance compared. The synthetic sensors measurements from the synthetic real system
included angles z1 and z4 and cylinders pressures p1 and p4 .
Replicating the reality, errors in the initial conditions and the
force model of the estimation model were included in terms of
joint tolerances, the mass and inertial properties of the bodies,
and the hydraulic parameters.
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The results obtained from the state estimation algorithm
demonstrate that the UKF can estimate the states of the
synthetic real system with accuracy despite ±5 mm joint tolerances, a 20 bar pump pressure difference, and 25% and 60%
errors in the mass and inertial properties of the bodies and
Payload, respectively. Further, the UKF algorithm, as implemented, successfully estimated the hydraulically actuated
system states with the different sets of hydraulic valve inputs,
and the mass and inertial errors. The minimum PN-RMSE in
the estimated states using the UKF were 0.11% and 1.86%
for the measured and unmeasured states of the case example. Further, all the estimated states for the case example
remained within a 95% confidence interval, confirming the
accuracy and performance of the UKF across the working
cycle. Introducing further errors in the estimation model may
require a change in the parameters of the UKF for successful
implementation.
Applying the UKF-based state estimation algorithm in the
real-world using a multibody-based estimation model can
enable the digital management of product processes in terms
of accuracy and robustness. However, the applicability for
digital twinning is also affected by the computational efficiency, which cannot be concluded based on the results of this
study. The use of solely multibody-based estimation models
can be challenging. This is because it is difficult to determine
the mass and inertial properties of all the system bodies and
model each and every detail of the real-world. Nevertheless,
despite these challenges, the UKF in the presented case example offered an accurate and robust state estimation algorithm
that can be combined with the multibody-based estimation
models to predict the states of the real-world systems.
However, the accuracy and efficiency of the UKF state
estimation algorithm should be compared to other state estimation algorithms to reach a general conclusion. Further,
the UKF based estimation algorithm can be extended to
estimate the parameter uncertainties, such as mass and inertial properties of Payload, which could be larger and timedependent in hydraulically driven machines using dual or
joint estimation methods in the future studies.. Application
parameter estimation through UKF in hydraulically driven
machines could be very interesting as such parameters are
unclear in the real-world. Furthermore, the UKF should be
implemented with actual measurements from a physical system. Regarding the computational efficiency, the UKF could
be implemented in C++ or Fortran environment using sparse
and parallelization methods to achieve real-time efficiency in
future studies. The successful implementation of the UKF
with the physical system measurements in real-time could
lead to the digital anticipation of product life cycles in the
real-world. This research brings us closer to the realization of
using physics-based simulation models to predict the behaviors of real-world products and enables us to make these
predictions in synchronization with the physical system. This
will ultimately lead to multibody-based digital twins and a
more sustainable future.
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TABLE 5. PN-RMSE of the PATU 655 with respect to different input signals and force model errors in J̄1 and J̄4 .

APPENDIX A EFFECTIVE BULK MODULUS

The effective bulk modulus of hydraulic volumes V1 , V2 ,
V3 and V4 can be

1


Be1 =

1
A1 l1
Vh1 


+
+


Bo
V1 Bc
V1 Bh 



1



Be2 =

1
A2 l2
Vh2 


+
+

Bo
V2 Bc
V2 Bh
,
(41)
1



Be3 =

1
A3 l3
Vh3 


+
+

Bo
V3 Bc
V3 Bh 




1


Be4 =


1
A4 l4
Vh4 


+
+
Bo
V4 Bc
V4 Bh
where Be1 , Be2 , Be3 and Be4 are the effective bulk modulus
of the respective volumes. Beo and Beh are the effective bulk
modulus of oil and hose, respectively which are taken from
Tab. 2.
APPENDIX B ADDITIONAL SIMULATION SCENARIOS

To further study the capabilities of the proposed UKF for state
estimation of hydraulically actuated Patu 655, the PN-RMSE
of the estimated states are given in Tab. 5 with respect to
different error percentage and input signals U1 and U2 .
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