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Abstract

Leg-driven machines require complex control systems to ensure stability and safety.
Instead of measuring the complete system state, state estimation and prediction can
be used to observe the system state in hydraulically actuated systems to replace ex-
pensive sensors. In this paper, we consider the portal advancing mechanism, a legged
locomotive mechanism. The overall machine consists of two bases with three hy-
draulically actuated legs each and a bridge on top of them. An upper carriage with
a forestry crane can move along the bridge. A system is proposed that estimates the
position of the carriage. The Extended Kalman Filter (EKF) handles the non-linearity
of the system and provides information about the uncertainty of the state estimation.
The load on the hydraulically actuated legs is different for every carriage position on
top of the mechanism. We assume that the dynamic effects of the movement can be
modeled with a linear model. The state is described by the position, velocity, and
acceleration of the center of gravity of the machine’s upper carriage. The non-linear
relation between the state vector and the pressures in the hydraulic actuators is linear-
ized in the innovation step of the applied filter. The proposed system is evaluated in
a multibody machine simulation with hydraulic co-simulation. The proposed system
reduces the number of required sensors on this type of walking forestry machine as
the movements do not need to be captured directly. The results show that modern
state estimation and prediction can support predictive control of complex, dynamic
hydraulically driven systems.

Keywords: Extended Kalman Filter, state estimation, system simulation, portal ad-
vancing mechanism

1 Introduction
The forestry industry is gaining international recognition among the general public as a producer of wood used as
a climate-friendly building material or a carbon-neutral energy source [1, 2]. Sustainable forestry operations are
a key factor to live up to the public interests. As a consequence, conserving forest soils is critical because they
are the primary resource for long-term forest growth. Soil damage on the other hand has a negative impact on the
overall productivity of a forest [3, 4].

In today’s fully mechanized harvesting operations, the soil gets damaged through the machine weight, which
can reach up to 30 t, and wheel slip [5]. To reduce soil damage induced by state-of-the-art forestry machines,
new machine types are subject to current research activities [6, 7]. Machines that are non-wheel driven have
a high potential in reducing soil damage by avoiding wheel slip. Having said this, legged machine types that
reduce the slip to zero require smart control systems to ensure stability and safety [8]. In addition to that, the
automation of state-of-the-art machines is currently under development to use its potential to support the driver in
their challenging tasks [9,10]. As well automation is seen as one of the keys to increase the overall productivity of
forestry machines and help these machines to become even more environmentally friendly [9, 11, 12].

In hydraulic actuated systems, it is hard to achieve guaranteed control performance because of the nontrivial
control challenge due to non-linear friction, deadbands, etc. [11, 13]. To ensure stability in an automated working
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or walking process active control is needed. Therefore knowledge of the current and a possible future state of the
machine is required [8]. The state could be observed by motion sensors. But to get an accurate measurement, these
sensitive sensors have to be placed in positions where they can be easily damaged or influenced e.g. by debris.

In this article, we investigate the portal advancing mechanism, a machine with a walking frame and an upper
carriage on top of it. The objective is to estimate the state of the upper carriage without the use of expensive and
easily damaged motion sensors. Because of changes in acceleration, a linear movement model based on the kinetic
movement equation with constant acceleration will not achieve an accurate state. Here, rather cheap pressure
sensors can be used to provide information about the state. This is possible because every position of the upper
carriage’s center of mass introduces a different load to the hydraulic actuators. A non-linear model that can be
easily linearized describes the relationship between pressures and machine state.

In a first step a simulation is used to generate the necessary data to test this approach. With these data an Extended
Kalman Filter (EKF) can be set up to predict the machines state based on the movement and measurement model.
To handle non-linear systems the EKF uses a linearization around the working point [14]. The EKF improves
the prediction of the state from the movement model by the use of measurement data, that are linked to the state
through the measurement model. Additionally the covariance matrix quantifies the uncertainty of the prediction
and therefore, can quantify the reliability of the estimation. Through the utilization of the simulated measurement
data a better knowledge of the state is gained with reduced uncertainty.

The article is organized as follows. In section 2 the system is described and a measurement model is derived. After
that in section 3 the filter design with the EKF is presented. In section 4 the results of the prediction are show in
comparison to the simulation data and in section 5 the results are summarized in the conclusion.

2 System Description
2.1 Portal Advancing Mechanism

The portal advancing mechanism realizes a legged, non-bionic principle for locomotion on sensitive soils. The
mechanism was first presented in [15] as part of the development of the so-called Portalharvester. The frame
consists of two bases, which are held in place by three hydraulically actuated legs each, and a bridge connecting
the bases, as can be seen in fig. 1. A carriage with the work functions and the power delivery unit placed on top
of the bridge can drive along the bridge. At each base, the bridge’s inclination can be adjusted to account for the
terrain’s slope. The portal advancing mechanism moves over terrain with nearly zero slip, and the overall affected
area by the machine is minimized in comparison to classical forestry machinery. [15]

Figure 1: Rendering of the Portal Advancing Mechanism with a forestry crane [15]

In this study, only the movement of the upper carriage is of interest. The upper carriage is assumed to be equipped
with a forestry crane. In addition to the linear motion along the bridge of the carriage, the upper carriage can be
rotated by 360 degrees and extend its crane.

2.2 Development of the Measurement Model

The pressure in the chambers of the hydraulic cylinders ppistoni and prodi of each leg changes depending on the
load the upper carriage introduces to the movement mechanism. To estimate the position of the upper carriage’s
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center of gravity, it is necessary to develop a model that describes the relationship between the position of the
upper carriage’s center of gravity and the pressures in the hydraulic system. This is explained in the following
section. The model for the estimation approach is based on the equilibrium of forces and torques of the portal
advancing mechanism. The following figures are used (fig. 2 & fig. 3) to derive the required equations. This
includes all acting forces and points of attack for the movement mechanism in a simplified way. This model allows
no movement in the z-direction of the point mass which is used as a simplified model of the upper carriage.

Figure 2: Side view of the mechanism in the x-z plane

Figure 3: Top view of the mechanism in the x-y plane.

Based on the the forces and points of attack the equilibrium of forces can be established. A description of all
forces is given in tab. 1.

Table 1: Definition of the forces, where i ∈ [a,b] and j ∈ [1,2,3].

Force Description

Fx inertia force of the upper carriage in x-direction
Fy inertia force of the upper carriage in y-direction
Fz inertia and weight force of the upper carriage in z-direction

FgSB weight force of the body of a base
FgLeg weight force of a leg

FgBridge weight force of the bridge
Fr{i, j} ground contact force along the leg axis
Ft{i, j} ground contact force tangential to the leg axis
Fz{i, j} vertical ground contact force

For the derivation of the measurement model it is necessary to transfer the forces at the end of each leg, given in
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fig. 3, into the {x,y,z} coordinate system. This is done by the following conversion:

FLeg{x,y,z} =

sin(ϕ j +(i−1) 2
3 π) −cos(ϕ j +(i−1) 2

3 π) 0
cos(ϕ j +(i−1) 2

3 π) sin(ϕ j +(i−1) 2
3 π) 0

0 0 1

Fr{i, j}
Ft{i, j}
Fz{i, j}

 (1)

where i ∈ [a,b] and j ∈ [1,2,3].
With that, the equilibrium of forces in the {x,y,z} coordinate system can be used:

0 = ∑
i

Fi{x,y,z} . (2)

This yields the first three equations for our model.

For the equilibrium of torques the coordinate origin over the left base is used as reference point, see fig. 2 & fig. 3.
This point is positioned in the plane, where the movement of the point mass of the upper carriage is modeled.
Furthermore, this point lies in the rotational axis of the base underneath. With this positioning of the reference
axes for the equilibrium of torques the distances can be defined. A description of all used distances is given in
tab. 2.

Table 2: Definition of the position, angles and distances.

Variable Description Value

(x,y,z)T upper carriage position in the {x,y,z} coordinate system
ϕa rotation of the left base around the z-axis −π

2
ϕb rotation of the right base around the z-axis 0
lLeg length of a leg, relative to the z-axis of a base 3.112 m
lgLeg position of the leg’s center of mass, relative to the z-axis of a base 1.935 m

lBridge distance between rotational axis of the two bases 6 m
hSB height of the movement plane of the upper carriage model 1.467 m
a1 displacement in x direction of the base’s connecting bolt 0.18 m
b1 displacement in z direction of the base’s connecting bolt 0.372 m

With these definitions we can calculate the Torques around the origin of the coordinate System for all acting forces
as follows:

TgLeg,a,i =

 lgLegsin(ϕa +(i−1) 2
3 π)

−lgLegcos(ϕa +(i−1) 2
3 π)

0

×

 0
0

−FgLeg

 , i ∈ [1,2,3]

TgLeg,b,i =

lgLegsin(ϕb +(i−1) 2
3 π)+ lBridge

−lgLegcos(ϕb +(i−1) 2
3 π)

0

×

 0
0

−FgLeg

 , i ∈ [1,2,3]

TgBridge =

 lBridge
2
0
0

×

 0
0

−FgBridge


TgSB =

lBridge

− hSB
3

0

×

 0
0

−FgSB


TFLeg,a,i =

 lLegsin(ϕa +(i−1) 2
3 π)

−lLegcos(ϕa +(i−1) 2
3 π)

−hSB

×

Fx,a,i
Fy,a,i
Fz,a,i

 , i ∈ [1,2,3]

TFLeg,b,i =

lLegsin(ϕb +(i−1) 2
3 π)+ lBridge

−lLegcos(ϕb +(i−1) 2
3 π)

−hSB

×

Fx,b,i
Fy,b,i
Fz,b,i

 , i ∈ [1,2,3].

(3)

With that the equilibrium of torque is:

0 = TgSB +TgBridge +
3

∑
i=1

[
TgLeg,a,i +TgLeg,b,i +TFLeg,a,i +TFLeg,b,i

]
(4)
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.

This results in 6 equations with 18 variables, 6 vertical ground forces Fz,a,i and Fz,b,i and 12 forces in the ground
plane Fx,a,i, Fx,b,i, Fy,a,i and Fy,b,i. This system of equations does not yield a clear solution. Therefore, in the next
section, additional conditions are introduced to the system.

2.3 Additional Conditions for the Measurement Model

For the system to yield a clear solution additional equations are required. The free cut of one base shows, that the
torque around the z-axis has to be zero. The connection between bridge and base can not transfer any torque. This
leads to two equations, one for each base:

∑
j

TFLeg,i,j =

Tj,x
Tj,y
0

 , i ∈ [a,b] j ∈ [1,2,3]. (5)

A similar set of conditions result from the actuators at each base, which are used to control the inclination of the
bridge. The valve is in a floating position that both sides of the cylinders are connected to tank when all legs are on
the ground. Therefore, they do not exert any force. With no exerted force, the torque around the bolt connecting
the base and the bridge in the y-axis is zero. With this condition two additional equations are gained.Tconnector,a,x

0
Tconnector,a,z

=

lLegsin(ϕa +(i−1) 2
3 π)−a1

lLegcos(ϕa +(i−1) 2
3 π)

−hSB +b1

×

Fx,b,i
Fy,b,i
Fz,b,i


+

lgLegsin(ϕa +(i−1) 2
3 π)−a1

lgLegcos(ϕa +(i−1) 2
3 π)

− hSB
3 +b1

×

 0
0

−FgLeg


+

 −a1
0

− hSB
3 +b1

×

 0
0

−FgSB

 , i ∈ [1,2,3].

(6)

Tconnector,b,x
0

Tconnector,b,z

=

lLegsin(ϕb +(i−1) 2
3 π)+a1

lLegcos(ϕb +(i−1) 2
3 π)

−hSB +b1

×

Fx,b,i
Fy,b,i
Fz,b,i


+

lgLegsin(ϕb +(i−1) 2
3 π)+a1

lgLegcos(ϕb +(i−1) 2
3 π)

− hSB
3 +b1

×

 0
0

−FgLeg


+

 a1
0

− hSB
3 +b1

×

 0
0

−FgSB

 , i ∈ [1,2,3].

(7)

For the next equation the following assumption is made: It is assumed that the torque of the bridge around the
x-axis is split equally between the bases. Therefore the torques (Ta,x,Ta,y,0)T and (Tb,x,Tb,y,0)T of the bases have
to be equal in the x-axis.

Ta,x = Tb,x (8)

A further assumption is made for the next equation. Similar to the equal torques in eq. (8) it is assumed that the
forces along the bridge axis (x-axis) are distributed in an equal way between the bases. Therefore, the sums of the
forces in the x-direction of each base have to be equal:

3

∑
i=1

Fx,a,i =
3

∑
i=1

Fx,b,i (9)

With these additional equations (eq. (5) - (9)) the system consists of 12 equations with 18 variables.
In a previous work [7] a method to calculate the vertical ground force of a leg based on the hydraulic pressures is
presented. For this the following assumption is made: It is assumed that the planar ground force Fr of each leg is
zero. It was shown, that this assumption leads only to small errors in the calculation of the ground force of a leg.
Thus the system can be reduced by 6 variables and a analytical solution for the system with 12 equations and 12
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variables can be found. The system yields non-linear solutions for Ft,i, j and Fz,i, j, depending on the position and
the acceleration of the upper carriage.

The relation between the measurement value and the ground force derived in [7] is as follows

Fzi =
(lrsin(αcylinder)− lzcos(αcylinder)piApiston + lgLegFgLeg

lLeg
. (10)

Hereby αcylinder is the angle the cylinder stands relative to the ground plane, lr and lz are geometrical values. In
this formula there is only a the pressure term for the force the hydraulic cylinder exerts, the influence of friction on
the exerted force of the cylinder is neglected for simplification purposes. To describe the measurements in a more
general way, a further simplification is also added. The pressures in the chambers of the cylinders are recalculated
to single pressures with:

pi = ppistoni −
Arod

Apiston
prodi , i ∈ [a1,a2,a3,b1,b2,b3], (11)

where Arod describes the area on the rod side of the cylinder and Apiston the area on the piston side. With the
analytical solution for Fz,i, j and eq. 10 the individual pressures can be calculated. Therefore we insert directly the
geometrical constants that are given in tab. 2 and get the following solutions for the simplified pressures for each
leg cylinder. These pressures depend on the weight forces of the mechanism and the position and acceleration of
the upper carriage:

pa,1 =
1

Apiston

[
2.743376955FgLeg +0.9998181642FgBridge +2.261264199FgSb +0.3545454477

(−7000.0az −68670.0)y+14444.18157az +141697.4211−1.386448847 ·10−10

(−7000.0az −68670.0)x+2481.818130ayz+6493.729699ay +6.363226316 ·10−9ax

−3.667828308 ·10−7axz−3.673810426 ·10−7axy
]

(12)

pa,2 =
1

Apiston

[
2.743376923FgLeg +1.196039067FgBridge +2.261264197FgSB +0.4241273283

(−7000.0az −68670.0)y+17278.94738az +169506.4737−0.6293788332
(−7000.0az −68670.0)x+2968.891299ayz−1680.819113ay −12926.18247ax

−4405.651825axz−2154.363747ayx+2154.363747axy
] (13)

pa,3 =
1

Apiston

[
FgLeg +1.196039068FgBridge +2.261264197FgSB +0.4241273283

(−7000.0az −68670.0)y+17278.94739az +169506.4738+0.6293788343
(−7000.0az −68670.0)x+2968.891301ayz−1680.819114ay +12926.18248ax

+4405.651832axz+2154.363747ayx−2154.363747axy
] (14)

pb,1 =
1

Apiston

[
2.743376944FgLeg −4955.777018+1.130632097FgBridge +2.261264194FgSB

−505.1760471az −0.7267440767(−7000.0az −68670.0)x−2806.533569ayz

−1044.030492ay +1.845335632 ·10−6ax −5087.208545axz−0.4009333684

(−7000.0az −68670.0)y+2487.644979ayx−2487.644979axy
]

(15)

pb,2 =
1

Apiston

[
2.743376923FgLeg +1.017343910FgBridge +2.261264197FgSB −0.3607602514

(−7000.0az −68670.0)y−454.5579174az −4459.213167+0.3633720387
(−7000.0az −68670.0)x−2525.321756ayz−5763.608456ay

−1.209013000 ·10−6ax +2543.604273axz−1243.822489ayx+1243.822488axy
] (16)
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pb,3 =
1

Apiston

[
2.743376948FgLeg +1.243920287FgBridge +2.261264199FgSB −0.4411064850

(−7000.0az −68670.0)y−555.7941719az −5452.340826+0.3633720382
(−7000.0az −68670.0)x−3087.745398ayz+3675.547470ay

−1.908967895 ·10−7ax +2543.604273axz−1243.822489ayx+1243.822489axy
] (17)

2.4 Inertial measurement unit

In many vehicle applications inertial measurement units (IMUs) are used for velocity and position estimation
when the velocity or the position can not be measured directly, or can not be measured with the required frequency.
The measured acceleration is integrated over time to determine the position and velocity. Compared to direct
measurements the disadvantage of IMUs is, that the measurement noise is also integrated over time. An IMU can
not be used directly to measure the position of the center of mass of the upper carriage on the portal advancing
mechanism. When the crane of the upper carriage is moving, the center of mass of the upper carriage also moves.
If, however, two or more IMUs are used which measure the movement of the upper carriage and the movement of
the crane, the center of mass and the corresponding acceleration can be calculated. In this case, the mass of gripped
objects has to be neglected or estimated by other sensors. In the following we use the corresponding acceleration
ax,ay,az which are located in the center of mass of the upper carriage and benchmark this system as alternative to
our estimator or position sensors.

3 Filter design
The upper carriage is reduced to a point mass with equivalent forces, to facilitate the filter design. The filter’s
objective is to estimate the upper carriage’s position and velocity. The movement of the upper carriage is modeled
as a linear time-invariant system with state xk and time index k. The state vector has nine dimensions,

x = [x,y,z,vx,vy,vz,ax,ay,az]
T , (18)

where x,y,z are the corresponding coordinates of the upper carriage’s position in the local machine coordinate
system, vx,vy,vz the speed of the carriage in every direction, and the corresponding accelerations ax,ay,az. The de-
scribed system is observed by a linear estimator with the estimated state xk at time tk and the estimation covariance
Pk. The implemented Extended Kalman-Filter estimator [16] consist of two steps, state prediction and update.

1) Prediction step:

The next system state xp
k+1 is predicted based on the last known estimation xk. For the prediction of the system

state, a linear constant acceleration model was used

xp
k+1 = Axk +ωk (19)

with time-interval dt and the system matrix A as

A =



1 0 0 dt 0 0 dt2

2 0 0
0 1 0 0 dt 0 0 dt2

2 0
0 0 1 0 0 dt 0 0 dt2

2
0 0 0 1 0 0 dt 0 0
0 0 0 0 1 0 0 dt 0
0 0 0 0 0 1 0 0 dt
0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 1


. (20)

The deviation between the real state and our prediction xp
k+1 is expressed by unknown the noise value ωk. We

assume that the expected value E[ωk] of the noise is zero and that the noise is normally distributed (Gaussian
distribution). The resulting covariance Pp

k+1 is predicted as

Pp
k+1 = APkAT +Q (21)
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with system noise Q. The system noise Q is the covariance of the noise value Q = Cov(ωk). We assumed an
uncorrelated noise with the following variances,

Q =



0.0025 0 0 0 0 0 0 0 0
0 0.0025 0 0 0 0 0 0 0
0 0 0.0025 0 0 0 0 0 0
0 0 0 2.5E −5 0 0 0 0 0
0 0 0 0 2.5E −5 0 0 0 0
0 0 0 0 0 2.5E −5 0 0 0
0 0 0 0 0 0 0.0013 0 0
0 0 0 0 0 0 0 0.0013 0
0 0 0 0 0 0 0 0 0.0013


. (22)

2) Update step:

In the second step, the predicted state xp
k with covariance Pp

k is updated with the current time-step’s measurement
zk . The measurement vector zk consists of the pressure measurements of all six cyclinders and the transformed
inertia measurements,

zk = [pa1, pa2, pa3, pb1, pb2, pb3,ax,ay,az]
T , (23)

Additionally there was a constant bias xo of the measurement model which was added to the system state as,

zk = ĥ(xk) = h(xk +xo) (24)

where
xo = [0.08,0,0,0,0,0,0.5,0,0]T ,

xo

δx
= 0.

The measurement noise R consists of the model noise Rmodel , which is due to the error of the measurement
model, and the sensor noise Rsensor. Both are modeled as normally distributed noise and are characterized by their
covariance. The sensor noise was assumed to be non correlated with a standard deviation of σp = 1 bar for
the pressure sensors and σi = 0.20 m

s2 for the inertial measurement unit. The variance of the model noise was
assumed to be equal to the cross covariance of the simulated pressure values psim

i and the corresponding pressure
values calculated with the measurement model pmodel

i . Given the time series k = 1...n, the coefficients of the cross
covariance are calculated as,

Ri j =
n

∑
k=1

[
(psim

i − pmodel
i )(psim

j − pmodel
j )

]
k
, i, j ∈ [a1,a2,a3,b1,b2,b3], (25)

see Appendix A, eq. (33).

In consequence, the added measurement noise is,

R = Rmodel +Rsensor

=



Ra1a1 +σ2
p Ra1a2 Ra1a3 Rab1 Ra1b2 Ra1b3 0 0 0

Ra2a1 Ra2a2 +σ2
p Ra2a3 Ra2b1 Ra2b2 Ra2b3 0 0 0

Ra3a1 Ra3a2 Ra3a3 +σ2
p Ra3b1 Ra3b2 Ra3b3 0 0 0

Rb1a1 Rb1a2 Rb1a3 Rb1b1 +σ2
p Rb1b2 Rb1b3 0 0 0

Rb2a1 Rb2a2 Rb2a3 Rb2b1 Rb2b2 +σ2
p Rb2b3 0 0 0

Rb3a1 Rb3a2 Rb3a3 Rb3b1 Rb3b2 Rb3b3 +σ2
p 0 0 0

0 0 0 0 0 0 σ2
i 0 0

0 0 0 0 0 0 0 σ2
i 0

0 0 0 0 0 0 0 0 σ2
i


.

(26)

The Kalman Filter requires a linear measurement model to calculate the postori covariances. The measurement
model of the studied system is, however, non-linear, see Section 2.2. Therefore, the Extended Kalman-Filter is
applied, which requires a linearization of the measurement model. The predicted system state xp

k is used as a
linearization point. The Jacobian matrix of the measurement model H is calculated at the predicted system state,

H(xk) =
∂h(x)

∂x

∣∣∣
x=xp

k

(27)
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The partial derivatives lead to the Jacobian as,

H(xp
k ) =



pa,1
δx (az)

pa,1
δy (az) 0 0 0 0 pa,1

δax
()

pa,1
δay

()
pa,1
δaz

(x,y)
pa,2
δx (ay,az)

pa,2
δy (ax,az) 0 0 0 0 pa,2

δax
(y) pa,2

δay
(x) pa,2

δaz
(x,y)

pa,3
δx (ay,az)

pa,3
δy (ax,az) 0 0 0 0 pa,3

δax
(y) pa,3

δay
(x) pa,3

δaz
(x,y)

pb,1
δx (ay,az)

pb,1
δy (ax,az) 0 0 0 0 pb,1

δax
(y) pb,1

δay
(x) pb,1

δaz
(x,y)

pb,2
δx (ay,az)

pb,2
δy (ax,az) 0 0 0 0 pb,2

δax
(y) pb,2

δay
(x) pb,2

δaz
(x,y)

pb,3
δx (ay,az)

pb,3
δy (ax,az) 0 0 0 0 pb,3

δax
(y) pb,3

δay
(x) pb,3

δaz
(x,y)


, (28)

where pa,1
δax

() and pa,1
δay

() are constant.

The Kalman gains determine the influence of the new measurement in relation to the state prediction and are
calculated as,

Kk = Pp
k HT

k
(
HkPp

k HT
k +R

)−1
. (29)

The innovation yk is the evaluation of the measurement compared to the assumed measurement of the predicted
system state. In this case no linearization is required and the non-linear measurement model is directly applied and
the innovation follows as

yk = zk − ĥ(xp
k ). (30)

Finally, the state update is
xk = xp

k +Kkyk (31)

with the state covariance updated accordingly

Pk = Pp
k − (KkHkPp

k ). (32)

4 Simulation Results
4.1 Simulative Load Cycles

The mechanism is currently in an early stage of development, and no real-world prototype exists to collect data
that could be used to test the estimation method presented in this article. As a consequence, a coupled simulation
is used to generate the necessary test data. The model used in a previous work [7] is modified to meet the needs.
This simulation model is made up of two different models, the multi-body model, which inherits all bodies and
kinematics, and a model of the hydraulic drive train. All predicted key masses of the mechanism are given in
tab. 3. To reduce complexity and to increase computing efficiency only the cylinders, that hold the legs in place,

Table 3: Masses of the individual bodies

Body Mass

Upper Carriage 7000 kg
Bridge 2172 kg
Base 855 kg
Leg 462 kg

were modeled in the hydraulic model. For the movement of the other actuators it can be assumed that there will be
no motion or small movements, but no hydraulic forces exerted. Therefore, they were not modeled hydraulically
and set to a rigid distance or a force free joint in the multi-body model.

To further simplify the model, the upper carriage is modeled as a single point mass on the bridge, as can be seen in
fig. 2 & fig. 3 as a pink ball. A further simplification is added to the model: The movement of the combined center
of mass is reduced to a planar movement in the x-y-plane and therefore, no movement in the z-axis is implemented.
By the reduction of the upper carriage to one single mass, the movement had to be controlled in a different way
than by hydraulically modeled actuators. Simple time dependent signals are used for the velocity of the joints
needed for the planar movement. To generate a more realistic behavior in the acceleration the velocity signal was
delayed by a transfer function with PT1-behavior. With this adapted and simplified model data for the movement
of the mechanisms upper carriage center of mass were generated.
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Five different movement cycles are created with this simulation, that reflect possible movements of the center of
mass of the upper carriage while using the crane. They all include movements along the bridge axis, perpendicular
to the bridge and movements that resemble the rotation of the upper carriage. Here, the perpendicular movements
create a similar movement of the center of mass as the crane’s extension and retraction. Each movement cycle is
individual in shape. One cycle features a movement around the whole bridge, the other four start at one end of
the bridge and end at the other end. These four cycles have a different number of movements, which resemble the
movement of the crane and upper carriage. They range from one to three extensions and retractions with different
overlapping of the linear and rotation movement of the upper carriage..

In this first step the gripping and lifting of a tree is not considered, because the load of a tree can not easily be
estimated. The grip of a tree would have a great influence on the position of the center of mass and the mass itself.
With that the estimation would be invalid, because the masses of the load is not introduced in the measurement
model (see. eq. 12-17).

4.2 Estimator results

Figure 4 shows the estimation analysis for the fifth test cycle. The performance of the presented combination of
the EKF estimator with additional IMU measurements was compared to that of an IMU system and the estimator
without IMU measurements. The IMU system was very robust in terms of acceleration. Otherwise, however, it
lacked stationary precision as the IMU noise is integrated over time. The estimator is able to estimate the position
to a certain tolerance. Along the bridge (x-axis), the deviation of the position estimation was slightly higher than
that perpendicular to the bridge. The velocity and acceleration accuracy were the other way around, with slightly
increased deviations perpendicular to the bridge than along the bridge. Especially the acceleration in y-direction
shows significant systematic errors, see Figure 4d. The integration of the IMU measurements into the estimator
had virtually no effect on the estimation results. A slight decrease in the deviation in the velocity and acceleration
estimations was noted. In contrast to the IMU, which integrates the acceleration measurements to determine the
velocity, the estimator determines the velocity implicitly as the relation between the position and the velocity is
modeled in the system model.

Each cycle was repeated five times to evaluate the estimators overall standard deviation. The 75% and 95%
confidence interval of all runs for the five cycles are plotted in Figure 5a. For all cycles, the positions estimates
are characterized by a high accuracy, the maximum outlier error is less then 0.3m with an confidence error of less
then 0.2m in the 75% confidence interval and typical errors of less then 0.1m. However it can be remarked, that
the standard deviation of the position along the machine axis (σx) is considerably higher than in the perpendicular
axis (σy), see Figure 5.

4.3 Discussion

The primary objective of the application of a state estimator was to avoid the necessity for position sensors. The
required precision has to be determined by the intended application. Clearly, IMUs can not be used to obtain
a reliable estimation of the center of mass’ position and is no alternative to position sensors or the proposed
estimator. For the envisaged tasks, the achieved accuracy of the estimator is sufficient to ensure stability of the
legged mechanism without additional position sensors. Even when using position sensors, the proposed system
offers an additional information source and additional redundancy, which is especially important given the harsh
environment of such sensors. Nevertheless, an accurate acceleration and velocity estimation is important when
model predictive control comes into play. Especially along the y-axis, the estimation showed a low accuracy. It has
to be evaluated if the achieved accuracy is sufficient based on the actual control requirements. A more complex
measurement and system model could increase the accuracy of the velocity and acceleration estimates. Here, the
implementation of a cylinder friction model could have a positive effect on the estimation, since the approach is
based on the force exerted by the cylinders. In the current state not the actual force is used for the estimation,
because the friction is neglected. A more sophisticated model should also integrate the control signals of the
system, for example, the requested movement of the upper carriage. However, external influences on the upper
carriage mass point, for example, gripped trees, can not be predetermined and therefore have to be accounted for as
noise. Gripped trees do not only change the position of the center of mass, but also the mass of the upper carriage
and therefore introduce an additional model error. In a long term view, the mass of the upper carriage could be an
additional state variable, being estimated by the pressure of the crane’s cylinders.

5 Conclusions
In this article, a measurement model for the correlation between hydraulic pressures in the actuators of each leg and
the movement of the upper carriage’s center of mass was derived for a portal advancing mechanism. Therefore,
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Figure 4: IMU-only, estimator and estimator with IMU performance in cycle 5
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Figure 4: IMU-only, estimator and estimator with IMU performance in cycle 5 (cont.)
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Figure 5: Estimation error and standard deviation of the five monte carlo runs.

a set of additional equations was introduced to the system. With this measurement model and a simple linear
movement model, an Extended Kalman Filter was set up to estimate the position of the upper carriage. The used
data were generated with a simplified simulation. An IMU system is unable to directly measure the acceleration
as the center of mass of the upper carriage is not fixed. Additionally, an IMU system is prone to drift over time
and the system’s estimation error increased significantly after a short period of time. The proposed estimator was
able to provide an accurate position estimation with stationary precision. The implicit velocity and acceleration
estimations, however, showed a certain deviation from the true value. It was observed that the integration of
additional IMU data into the system does not significantly improve the accuracy of the estimation. In all test cases,
a position error of less than 0.3 m was achieved. In future work, the measurement model and the simulation model
should be improved in order to get a more realistic representation of the machine. The measurement model can
be improved, for example, by considering the distance between the z-axis of the mass of the upper carriage and
the rotation axis of the bases. In the simulation model, an additional model for the gripping of a tree could be
included.
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A Appendix

Rmodel =


1.424e11 6.243e10 −3.454e10 2.614e10 1.346e11 −1.813e10
6.243e11 4.693e10 −2.372e10 −3.238e10 5.681e10 −4.450e09
−3.454e10 −2.372e10 4.120e10 1.887e10 −5.799e10 −1.128e10
−2.614e10 −3.238e10 1.887e10 3.211e10 −2.395e10 −7.261e08
1.346e11 5.681e10 −5.799e10 −2.395e10 1.555e11 −1.873e09
−1.813e10 −4.450e09 −1.128e10 −7.260e08 −1.873e09 1.341e10

 (33)

15


	Introduction
	System Description
	Portal Advancing Mechanism
	Development of the Measurement Model
	Additional Conditions for the Measurement Model
	Inertial measurement unit

	Filter design
	Simulation Results
	Simulative Load Cycles
	Estimator results
	Discussion

	Conclusions
	Appendix

