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Abstract

One focus of aviation research in recent years has been the reduction of greenhouse gases
through weight savings in aircraft construction, e.g. by using lightweight materials such as
CFRP components. Lighter aircraft lead to less fuel consumption, which impacts the global
carbon footprint and is an important step towards CO,-neutral flying. In order to achieve na-
tional climate goals, the environmental impact should already be assessed at the production
stage. Most recently, hybrid kinematics consisting of serial kinematics (industrial robots on
linear rails) and parallel kinematics (hexapod) mounted to the robot’s end effector, have been
studied at Fraunhofer IFAM for the purpose of machining distorted CFRP-components. This
work analyzes to which extent the redundant degrees of freedom of such hybrid kinematics
can be exploited to determine energetically advantageous poses during machining. There-
fore, the inverse kinematics are solved within an Optimal Control Problem (OCP) including
the forward kinematics as well as minimizing the system’s energy consumption while fol-
lowing a reference trajectory.

Keywords Model predictive control - Pose optimization - Energy efficiency - Robotic
machining

1 Introduction

Advanced lightweight materials such as Carbon-Fiber-Reinforced-Plastic (CFRP) compo-
nents contribute significantly to a lower aircraft fuel consumption. This impacts the global
carbon footprint and is an important step towards CO;-neutral flying. With an increasing
demand for sustainability and energy efficiency in order to achieve national climate goals
and to tackle increased energy prices, the environmental impact should already be assessed
at the production stage. Typically, large gantry machines are used for CNC machining in
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Fig. 1 Hybrid kinematics robot at Fraunhofer Institute IFAM of a linear rail (Giidel), serial kinematics indus-
trial robot (Mabi Max 100) and parallel kinematics hexapod (PI Physics Instruments). The system is reduced
to a simplified 2D multibody system

the aviation industry. These custom-built structures are highly expensive and can take on
the dimensions of entire buildings in terms of weight and volume. Only recently, the use
of industrial robots for CNC machining has been studied, see for example [1, 2] and [3].
Compared to conventional CNC machines, industrial robots offer a better ratio of size to
working space and are significantly more cost effective. These advantages are contrasted by
the lower precision and higher compliance of industrial robots.

To compensate for these disadvantages, Fraunhofer IFAM has been working on increas-
ing the path accuracy of industrial robots through the extension of external sensors, new
robot structure concepts designed for machining, and hybrid drive systems [4, 5]. Most re-
cently, a hybrid kinematics concept consisting of serial kinematics (industrial robot on a
linear rail) and parallel kinematics (hexapod) mounted at the robots end effector, as shown
in Fig. 1, were studied. A combination of serial and parallel kinematics enables the fusion
of the respective attributes of low stiffness with a large work space versus high stiffness as
well as precision with a small work space of the respective systems. The additional kine-
matics (hexapod) are used to perform a sensor guided path adaption to track features along
the machined component and thus react to and compensate for component deformation [6].

In terms of energy consumption, robotic systems with extended workspace as presented
in Fig. 1, promise an advantage over conventional large scale CNC machines due to their size
alone, as significantly less mass is moved. In this work however, a more detailed analysis
is performed to determine the extent to which the redundant degrees of freedom of such
hybrid kinematics can be exploited to determine energetically advantageous robot poses
during machining.

The energy consumption of industrial robots is analyzed in [7] and multiple approaches
exist to reduce the energy consumption of industrial robots. This includes mechanically
retrofitting the robot with energy storing elements such as compliance mechanism or regen-
erative drives, in which energy induced by braking can be reused instead of being converted
into heat, see [8] or [9].
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In [10] the energy-efficient trajectory planning in operational space of an industrial ABB
robot (IRB1600) is examined. Here, a pick and place task is considered without boundary
conditions on the trajectory followed while moving from point A to point B. As one result
utilizing the breaks while in standstill operation is emphasized. In machining however, the
reference trajectory, i.e. the tool path, is given and path accuracy is crucial. Similarly, in [11]
it is considered that in many robotic applications the task space is over determined, e.g.,
the orientation around the tool axis, which is also the case in the milling application. The
additional degrees of freedom are used to derive a trajectory for the robot that is as energy-
efficient as possible. A detailed overview on energy savings in robotics is found in [12].
Here, methods are separated in a hardware heavy approach as well as software like path
planning and trajectory optimization.

While the former mentioned methods have an application in the field of pick and place,
retrofitting or optimizations in the workspace in common, this work is focused on minimiz-
ing the energy consumption by finding energetically advantageous joint space poses during
machining. Therefore, a hybrid kinematics model is derived and a standard algorithm for the
calculation of the inverse kinematics is presented. The standard algorithm is then extended
in order to utilize the system’s redundancy for finding energetically advantageous poses.
Afterwards, the problem is formulated as an optimal control problem (OCP) including the
full system dynamics. The OCP is solved in a model predictive manner enabling the system
to react to trajectory changes in advance.

The purpose of this work is to show the potential for energy savings based on simu-
lations when the energy consumed by the system is already taken into account within the
inverse kinematics calculation. In particular, the effect of adding additional kinematics is
considered.

2 Dynamic robot model

In this section, the kinematic and dynamic model of the robot is derived, as both are needed
in this work. A robot is represented as a kinematic chain of rigid bodies and joints. Each
joint motion introduces a degree of freedom (dof) to the system and contributes to the over-
all movement. Thus, the kinematics of the robot can be described in generalized joint coor-
dinates q € R/ with f degrees of freedom. By applying the Newton-Euler formalism for
multibody systems, see e.g. [13], the robot’s equation of motion (eqm)

M@ g+k(q.q)=g(q +T, 2.1

is obtained, with inertia matrix M (q), the vector of generalized coriolis and centrifugal
forces k (q, q), the generalized gravitational force g (q) and the drive torques T. This can
also be viewed in the form of a nonlinear control system

x=f(x,u) 2.2)
y=h(x) (2.3)

with system state x = [q, Q]T, the control input u € R”, e.g. the joint torques, the
rearranged dynamics f : R*f x R” — R?/ from equation (2.1) and h : R>/ — R” map-
ping the system state to the outputy € R”.

In this work, a machining application is considered as a control task for the robot, i.e.
trajectory tracking of the robot’s tool center point (TCP). Thereby, equation (2.3) describes
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precisely the forward kinematics of the robot and is only dependent of joint coordinates q.
Time differentiation yields a linear dependence

y=J(q (2.4)

between the system’s output velocity y and joint velocity ¢, with Jacobian matrix J (q) € R"*/
describing their kinematic relationship. The aim of this work is to find joint space poses q
that are energetically beneficial while following a reference trajectory in task space y. Since
the Jacobian matrix J (q) is not square, it is not possible to solve equation (2.4) for corre-
sponding joint velocities q directly. In the case of n < f a system is redundant, i.e. there
exist more degrees of freedom than system outputs and internal joint motion is possible.

In order to analyze the extent to which the redundancy of a system can be exploited to
obtain more energetically favorable poses when following a trajectory, the system shown in
Fig. 1 is examined. For a simplified conceptual analysis the system is reduced to a 2D multi-
body system either with or without additional kinematics at the TCP. Redundancy holds for
both, the system with q = [ s, &, B, x, y]T and without additional kinematics q = [ s, a, ﬂ]T.

3 Trajectory design

For the purpose of this work, a trajectory is required that contains elements typical for ma-
chining. In order to ensure comparability, a test path is chosen as reference and depicted in
Fig. 2. This path is proposed in the DIN ISO 9283 Norm [14] and commonly used to analyze
the precision and path accuracy of industrial robots [4, 5, 15].

Here, it serves as a reference for machining applications, as it contains segments with
straight lines, curves, sharp edges and corners. When traversing sharp turns, high accelera-
tions or braking is necessary to follow the contour. This is particularly reflected in the drive
torques required for such abrupt changes in direction.

In general, a distinction between path and trajectory is made. A path p(s) € R” describes
a sequence of points in space defined as a function of the variable s, e.g. the arc length, and
it does not contain any temporal information. Whereas a trajectory describes the temporal
sequence of points and is obtained by defining a timing law s(¢) for the path p(s(¢)) to
follow.

In machining, the robot’s end effector (TCP) position should follow the reference trajec-
tory p(s(?)), therefore

p(s () =h(x()) (3.1

must hold for the system output in equation (2.3) at all times 7. Here, the dependency
on X = [q, (']]T serves the purpose of generalization from equation (2.3), as the end ef-
fector’s position can be expressed solely in terms of the joint angles q.

Velocity p and acceleration p along the path depend as follows

_dp(s) _ dp(s) ds

PO == = s ar (3-2)
L dpy(s)  9p(s) (ds\® | p(s) d’s
o= =5 (%) 63
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Fig.2 Test path for a typical machining application. The influence by a different choice of timing law s(?) is
visualized by the different progress when following the reference path

on the choice of timing law s(¢). The timing law should therefore be selected as a continuous
function, which is at least two times differentiable, in order to ensure a continuous velocity
and acceleration along the path and thus feasible trajectories.

In order to minimize the energy required during machining, it is interesting to choose
a suitable timing law, e.g. induce braking before sharp turns. For visualization, Fig. 2 also
shows two different choices for the timing law s(¢), with s, (¢) being linear in time and s, (¢)
being an arbitrary continuous function. To show the effect of choosing a different timing law
s(t), the traveled distance along the path is depicted for both cases in Fig. 2.

4 Inverse kinematics algorithms

In this section, standard inverse kinematics (IK) algorithms are presented in order to derive
poses q; € R in joint space coordinates from points p; € R? in cartesian coordinates that
fulfill equation (3.1) at each time step ¢;. The presented methods serve as a reference and
are applied to the system without additional kinematics. Due to redundancy and thus the
existence of multiple solutions, the inverse kinematics calculation is often formulated as a
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constrained optimization problem
1
argmin  c(q) = Equq 4.1)
q

st. p=J(Q)q, 4.2)

as in [16]. In this optimization problem the cost function ¢(¢) emphasizes to find the min-
imal joint velocities q weighted by positive definite matrix W, that also satisfy constraint
equations (4.2). Here, the joint velocities are mapped onto the end effector velocity using
the kinematic relationship from equation (2.4) and are then set to follow the path veloc-
ity p. Equation (4.1) is a linear optimization problem with quadratic cost, also referred to as
quadratic program (QP), hence an analytical solution

a=WJ" (@) [ @W '3 @] 'p (4.3)

Ty

can be derived yielding the weighted Moore-Penrose pseudo inverse JI,V with weighting
matrix W that is often chosen to be the identity matrix Is. In the sense of inverse kinematics,
large weights w; ; result in a reduced movement of the corresponding degree of freedom g¢;.

In order to obtain the joint position q from the solution of equation (4.3), a quasi-Euler
integration

Qi1 = Qs + oo ey, 4.4)

is performed as an update for the current solution q; at time #;, with ¢ € (0, 1] not rep-
resenting a time interval but a selectable step size. Here, p is substituted by the residual
error

e, =p; —h(qy) 4.5)
of cartesian reference point p; at time #; and forward kinematics h (qx) as in equation (2.3)
with respect to the robot’s end effector. The update is performed iteratively k =1, ..., knax

and for each time step #; until the residual error converges to a threshold or a maximum
number of iterations k.« is reached. In order to obtain a continuous solution and fast con-
vergence, the solution from the last time step #;_; is used as the initial value for the current
time step ¢;.

Figure 3 shows the robot system from Sect. 2 without additional kinematics following the
path from Sect. 3. The corresponding poses are calculated according to equation (4.4) and
this solution to the inverse kinematics problem is denoted as ‘A’. In addition, Fig. 3 shows
another solution ‘B’ to the inverse kinematics problem, visualizing the possibilities due to
the redundancy of the system.

Even without additional kinematics, n < f holds and the robot’s extra degree of freedom
can be utilized to perform subtasks. In [17] for example, it is motivated to use redundancy
for finding a maximum stiff positioning of a machining robot. Similarly, a method to obtain
the energetically beneficial poses of solution ‘B’ is presented in the following.

According to [16] internal joint motion of a robot can be used to perform subtasks by
extending equation (4.3)

a=Jyp+ (1, = Jdw) o (*6)
[ —
P

@ Springer



Model predictive pose optimization for energy efficient robotic machining

- =N

1.25 1

1.00 A

€ 0.75 -
=

0.50

0.25 1 Aty ‘ B, 1y A, ty B, tF

0.00

-1.0 -0.5 0.0 0.5 1.0 1.5
X inm

Fig. 3 The robot system without additional kinematics following the same reference trajectory. System ‘A’
for a normal inverse kinematics solution and system ‘B’ with energetically beneficial poses

with projection matrix P. Hereby P projects any arbitrary joint velocity ¢o onto the null
space of J, hence allowing for additional joint motion ¢ that is not affecting the end effec-
tor’s position. Generally, the internal joint motion ¢ can be represented as

dw (q)
aq ’

Qo = ko .7
the gradient of a newly introduced cost function w (q) that is minimized along the original
cost ¢ (q) in equation (4.1). There are various options for a suitable choice of w (q), to
ensure maximum maneuverability, avoid singularities or maintain joint limits, for instance.
In this matter, the goal is to reduce the system’s energy consumption, which goes along with
minimizing the drives’ power output.

Following [18], the voltage v and current i for electrical drives are given by

v=Ri+K.,, 4, 4.8)
i=K ', 4.9)

with resistance R, back emf constant K., s, and drive torque constant K,. Equations (4.8)
and (4.9) correspond to the steady state modeling of the drive, a common simplification in
which, for example, the effect of armature inductance v, =L, % is neglected.

For the electrical power calculation P,, this results in

P, =ilv (4.10)
="K, "RK 't + 7K, "K,,.1q @.11)
=1T'K,t+1'K,q (4.12)

with drive specific constants K, = K;TRKj‘ and K, =K~ Ko + when no gear reduction
is present. For most conventional drive systems the back emf constant K., s and torque
constant K, are the same, when using SI-units, thus leading to K, = I being the identity
matrix.

However, the drives’ power P, cannot be used as a cost function w(q) for the inverse
kinematics calculation, since it is not exclusively a function of joint variables q and a gradi-
ent may not be available. Therefore, a different cost function resembling the drives’ power
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Fig. 4 The system states for the entire trajectory for both the solution to the normal inverse kinematics
problem (A) as well as for the inverse kinematics problem utilizing redundancy (B). The trajectory cost
respectively the gravitational load is shown for each time step #;

P, has to be considered. Equation (4.12) illustrates that both low drive torques T as well as
drive velocities  result in power reduction. In order to account for low drive torques

w(@=g@ g@ (4.13)

is chosen as additional cost function w(q). Here, g (q) describes the gravitational load acting
on the drives, see equation (2.1), which accounts for the main part and in the static case
(q = q = 0) for the entire part of the generated torques T. In order to also account for
the joint velocity component in equation (4.12), the weighting matrix W in equation (4.3)
is substituted for the inertia matrix M (q) from equation (2.1). This results in the kinetic
energy

1
T= EilTM(q)('l (“4.14)

as expression for the original cost function ¢(q), which favours the movement of low inertia
elements accordingly. Together with equations (4.6) and (4.7) this yields

dw (q)
aq

Qer1 = Qe + @0 Ty & + koP (4.15)

as iterative update for energetically beneficial poses qi. Hereby ky is a tunable parameter
that adjusts the extent to which the additional cost w(q) is considered. Both, the solutions
for ‘A’ the normal inverse kinematics (IK) calculated according to equation (4.4) and ‘B’
for the inverse kinematics utilizing redundancy according to equation (4.15), denoted as
‘Energy IK’ from now on, are shown in Fig. 4. They represent the systems also shown in
Fig. 3, but for the entire trajectory. A difference for the cart position s and arm angles o
and g is clearly visible. In addition, the trajectory cost w(q) according to (4.13), i.e. the
resulting gravitational load acting on the joints, is significantly reduced for case ‘B’. This is
achieved by reducing the lever of the center of gravity, as it can be observed in Fig. 3.
Despite the promising outcome, this method has proven to be numerically challenging,
demanding for a tuning effort of parameters « as well as ko and thus resulting in normal-
izing the gradient in equation (4.7) or very small ky. Eventually, the goal is to incorporate
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additional kinematics into the cart-pole system. In particular, an additional point mass in
reference to the hexapod depicted in Fig. 1, that can move in x- and y-direction of the ref-
erence path. The additional kinematics add to the system’s redundancy, but are limited in
movement due to its workspace, though. Thus, advanced methods are needed for the inverse
kinematics calculation of such systems that might also account for joint limits.

5 Model predictive pose optimization

The inverse kinematics calculation was motivated as the solution of an optimization problem
in the previous section. In order to find an energetically advantageous pose, a cost function
containing the kinetic energy as well as the gravitational load acting on the drives was min-
imized. The former is solved for each time step independently, thus corresponding to a very
local optimum with respect to the overall trajectory.

At this point, the same task is formulated as optimal control problem (OCP). OCPs are
used for path planning or trajectory optimization in various fields, see for example [19]. Sim-
ilarly, in [20], an optimal control problem is used as a path planner for a robot and Bayesian
optimization is applied to learn the hyper parameters of the OCP’s cost function with a focus
on minimum energy consumption. The results are trajectories deviating from the reference
path by rounding or smoothing corners in particular. In machining, however, path accuracy
is essential. Thus, one goal of this work is to analyze whether adding additional kinematics
can be beneficial to the energy efficiency.

The compensating movements of the additional kinematics allow the robot to deviate
from the reference path as long as this is still within the working space of the additional
kinematics. This enables the robot to round corners and hence, less abrupt changes in di-
rection for the high inertia part of the system are needed. Moreover, while the inverse kine-
matics algorithms in Sect. 4 only calculate the pose at each time step, a model predictive
approach is used in this section with the expectation that including further time steps in the
IK calculation enables an early response to corners or major reorientation while following
the trajectory. Such a solution to an OCP over a finite time horizon corresponds to a more
global solution to the overall problem.

In general a OCP is defined as constrained nonlinear optimization problem (NLP)

argmin  c(x(t5)) —i—/fc(x(t),u(t)) dt 5.1
x(1),u(t) 1o
st. x()=fx(@#),u(@®)) 5.2)
p(?) =h(x(1)) (5.3)
x(t)eX,u(t)elU 5.4)

in order to reduce a cost function ¢ (x, u) of system states x = [q, Q]T and inputs u = T for
time interval ¢ € [zo, t_f]. The goal for a given task is formulated within the cost function,
and is reached by minimizing it. In order to guarantee physicality, the system’s dynamics
are included in constraint equations (5.2). Moreover, limitations in the system’s states or
inputs are also maintained by equations (5.4). To ensure path accuracy at all cost, the for-
ward kinematics and thus the system’s output from equation (2.3) is represented in the OCP
formulation by equation (5.3), where p(¢) corresponds to y(¢) of equation (2.3).

The combination of ordinary differential equations (5.2) (ODE) and algebraic equa-
tions (5.3) within the constraints form a system of differential algebraic equations (DAE),
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Fig.5 Example for the approximation of function f(¢) by Lagrange Polynomial L(¢) and marked collocation
points at 7 ;

that are typically hard to solve numerically. Therefore, a collocation method is used to solve
the OCP in equation (5.1), see e.g. [21] or [22]. Collocation is based on polynomials or other
basis functions that piecewise approximate the solution of an ODE or DAE on a section
X (1) 1 x € (x, xx41] at discretized time intervals #, = kh, k = (0, ..., N;,) with step size h
over a horizon N;. One possible choice for such basis functions are Lagrange Polynomials

Lt)=)_0;l;(t) (5.5)
j=0
t—ty
1j(t) = :
o= T] P— (5.6)
0<m=<n¢
Tmtj

of order n. defined by 6; at collocation points # ; € [, tx+1]. Figure 5 shows an arbitrary
function f(¢) represented by Lagrange polynomials L(6,t). Also depicted in Fig. 5 is the
approximation error. That is, the distance between the actual function f(¢) and the approx-
imation L(6,t). By definition, the approximation error at the collocation points # ; is zero,
ie. L0, ;) = f(&,;), and scales with time step / in the interpolated intervals.

Furthermore, this also applies to the piecewise approximation of x; () = [qk @) q() ]T
by Lagrange Polynomials, and the property

X (t =t ;) =L, 1, ;) =0 5.7

with 6 = k0, ..., 6k, | holds. Thus, reducing the problem in equation (5.1) to a dis-
cretized optimization

Np—1
argmin c (XN,, (t= tN;,,m»)) + Z c (X (t =t), T0) (5.8)
05,0540, TNy, -1 k=0

s.t. |:I 0 ]Xk(tk‘)+|: 0 ]
0 M (Xk (tk,j)) \J Kk (xk (tk,j))
— 0 Qk(tk,j) _ 3
_[g(xk<rk,j>)]+[ T } fork=0,.... Ny =1 (5.9)

p(t) =h (x (1)) J=0,....n (5.10)
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x0(0) =xg (5.11)
Xpy1 (k) = g, (5.12)
Xmin = Xk (tk,j) = Xmax (513)
Tmin = Tk =< Tmax (5 14)
for parameters 6 = [60.0, ..., 60 - Okjs - -2 Onjone ]T and T, ..., Ty,—1 over a predic-

tion horizon N,. Equations (5.12) ensure continuity of the solution since #; is not a collo-
cation point as depicted in Fig. 5. The forward kinematics in equation (5.10) act as servo
constraints by enforcing the TCP to follow a reference trajectory p(¢). Joint limits as well
as maximum velocities or torques are maintained by equations (5.13) and (5.14).

In order to improve the approximation accuracy and hence the overall solution using
Lagrange Polynomials, the number of collocation points or the polynomial order can be
increased, respectively. Also, the approximated time interval can be reduced. This is an im-
portant factor for obtaining numerically efficient but also precise solutions for equation (5.8).
The stability and thus convergence is influenced by the choice of collocation points #; ;. For
DAEs, as in equation (5.1), collocation points are selected according to the Radau scheme,
as these provide L-stability even for numerically stiff problems, see [23].

The problem formulation of equation (5.8) as OCP allows for a more general definition of
cost compared to previously defined cost functions for the inverse kinematics calculation in
Sect. 4. Therefore, in order to use the full potential in the reduction of power consumption,
the power output

c(x,7) = P, =T'K,t+7TK,q (5.15)
Poss Prech

of the drives itself, as described in equation (4.12), serves as cost c(x, T) for the pose opti-
mization.

Since the full power output is used at this point, a more concise consideration of the
applicability is provided. Equation (5.15) consists of two terms, the power loss Py, caused
in the armature depending on the torque T and the system’s mechanical power Py..;, with
K, =T and usually K, <1I. The consideration of gear ratios K, yields

=K't (5.16)

for the drive torque T,, and drive velocities q,,, respectively. Applying this to equation (5.15)
yields

cx, 1) =P, =7 K; KK, 't +1"K,;"K,K,q, (5.18)

Pioss Prech

where the gear ratios K, are cancelled out in the mechanical power P,,..; calculation and the
power losses P, are reduced quadratically. It is noted, that with high gear ratio the power
losses Py, basically vanish. That is, the mechanical power P, turns to be the most dom-
inant term in the cost function and holding torques, e.g. due to the generalized gravitational
forces g(q) when the system is at rest, become less imminent in the energy consumption.
Moreover, in that case a regularization of T is non-existent in cost function (5.18), which
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Model Predictive Pose Optimization
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Fig. 6 The system with additional kinematics following the reference trajectory. The poses are calculated
using model predictive pose optimization (MPPO)

can lead to infeasible solutions to the overall OCP in equation (5.8). For good feasibility as
well as comparability to Sect. 4, where the gravitational load is the main contribution for
energy reduction, no gear transmission is considered for the system in this work.

Additionally, the full dynamic model of the system is used in the OCP formulation in
equation (5.2). A more refined model of the system including friction and internal gear dy-
namics can have a major impact from a control system point of view. However, the focus of
this work is pose optimization and thus the system’s dynamics are simplified to the equations
of motion from equation (2.1). The solution to this problem is a joint space trajectory q(t),
that can be used as a reference for the underlying control of each respective joint. With cas-
caded PID control, for example, being one of the common control strategies that are used in
the industrial field.

The OCP in equation (5.8) is solved using the Casadi Toolbox for optimal control [24].
At this point the robot including additional kinematics is considered, and the solution ‘C’
denoted as ‘Model Predictive Pose Optimization’ (MPPO) is presented in Fig. 6. The path
followed by the end effector, i.e. the additional kinematics, is depicted together with the
reference trajectory.

In order to study the effect of incorporating the kinematic constraints directly into the
problem formulation, the trajectory following error e(¢), i.e. the difference of reference tra-
jectory to the end effector’s trajectory

e() = p(r) —h(q®)] (5.19)

is calculated. Accordingly, the root mean squared error (RMSE)

n—1
1

Crmse = ;2 llpx —h(qu) I (5.20)
k=0

is calculated for a quantitative evaluation. Both, the trajectory following error and the RMSE
are depicted in Fig. 7 for two MPPO solutions using different time discretization h. The
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Fig.7 Trajectory following error for the MPPO solution at two different step sizes &

error e(t) is zero at time points #;, where the kinematic constraints of equation (5.10) hold.
At points when sharp corners are traversed or when the reference trajectory deviates from a
straight line, the error on the interpolated intervals t € (¢, #;41) is greatest. This follows from
the trajectory planning in Sect. 3. Here, the waypoints of the reference path are interpolated
by B-splines, which can lead to sharp corners. In conventional machining, the reference
path is generated in CAD/CAM software, that incorporates the tool geometry for a feasible
reference path that is interpolated by polynomials of order n = 3 at least. Overall, the OCP
formulated as DAE with kinematic constraints leads to a guaranteed trajectory following
at each time step # and small deviations along the interpolated intervals. Moreover, by
quartering the step size i, the RMSE is reduced by a magnitude.

Figure 6 also shows the path followed by the serial kinematics part, i.e. the robot’s arm. It
can indeed be observed that the additional kinematics are used to enable the robot to round
corners of the robot arm trajectory while following the TCP trajectory and thus reduce the
consumed energy of the system’s high inertia part. The overall trajectory cost is calculated
by integration of the drives’ power output

E(t) = / " p,ar. (5.21)
1

i.e. calculating the total energy used for the task. In order to compare the consumed energy
to the results from the previous Sect. 4, equation (5.21) needs to be calculated for the inverse
kinematics solution ‘B’. Therefore, the poses q obtained through equation (4.15) are differ-
entiated numerically to obtain the joint velocities ¢ and accelerations (. By rearranging and
inserting these into equation (2.1), the inverse dynamics T are calculated. With this at hand,
the overall trajectory cost for the Energy IK solution is obtained and presented along the
system states in Fig. 8. It shows, that a further reduction in energy consumption is possible
by utilizing more advanced algorithms and exploiting the extra degrees of freedom of the
additional kinematics.

6 Model predictive pose and trajectory optimization
To build on the results for the model predictive pose optimization, it is further analyzed to

optimize the overall trajectory, by adapting the timing law s(¢) as mentioned in Sect. 3. This
approach is also followed in [20] and generally known as time scaling, see [12]. In terms
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Fig.8 The system states for the entire trajectory for both the solution to the presented model predictive pose
optimization (C: MPPO) as well as for the inverse kinematics problem utilizing redundancy (B: Energy 1K)
as reference. The trajectory cost refers to the consumed Energy E () of the system

of machining, the path velocity $(¢) is referred to as feed rate. It determines the cutting
velocity, e.g. in a milling process, and has a significant impact on the component quality. The
efficiency of a machining process is often measured in the time required, thus the highest
possible feed rate can increase efficiency but is limited to process restrictions. In the context
of this work it is analyzed whether faster machining not only increases efficiency but also
reduces energy consumption. Although the instantaneous power output is temporarily higher
with a faster feed rate, it is applied over a shorter period of time. Therefore, the timing law
s(t) is added as additional degree of freedom, i.e. as optimization variable,

Ny—1

argmin ¢ (xn, (0 = tny ) Sty n,)) + hZ ¢ (X (t =1x), T, s(1))  (6.1)
0,0, 70, e Ty -1 pars
s.t. |:I 0 . ]Xk(lk,-)—i- |: 0 . ]

0 M (x(t.;)) ! K (xi(t. ;)

- [g(xk‘(’%))} + [q"g’;'f)] fork=0,...,N, — 1 (6.2)

P(s () =h (X, (7)) Jj=0,....n (6.3)

X0(0) =xp 6.4)

X1 (te) = O n, (6.5)

Sip1(t) =05, (6.6)

Xmin < Xk (%, ) < Xmax (6.7)

Smin < Sk (f,j) < Smax (6.8)

Tmin = Tk = Tmax (6.9)
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Scaled Model Predictive Pose Optimization - SMPPO
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Fig. 9 The system with additional kinematics following the reference trajectory. The poses are calculated
using model predictive pose optimization including time scaling (sMPPO)

to the problem in equation (5.8). Hereby, also the timing law s(¢) is interpolated by colloca-
tion parameters #° and the cost function is extended to

(X, T, 5(1)) = Py — A - s(t)? (6.10)

with weighting factor A : A > 0, in order to motivate progress along the trajectory. At this
point, due to a beforehand unknown time horizon, problem (6.1) is solved in a model predic-
tive manner. That is, only the first time step #; of the solution to the OCP (6.1) is used. The
OCRP is then solved for the next time step #;; with the previous solution as initial condition.
Hereby, the prediction horizon is set to N;, = 65 and Lagrange Polynomials of order n, =4
are chosen for the interpolation of each time step with length 7 = 0.025 s. The results for the
Model Predictive Pose Optimization including time scaling (sMPPO) are shown in Fig. 9.
Likewise to Fig. 6, it shows the trajectory followed by the additional kinematics, i.e. the
TCP, as well as the trajectory followed by the serial kinematics part, respectively. The mark-
ers in Fig. 10 are equidistant in time, meaning that short distances resemble a slow path
velocity and vice versa. Consequently, deceleration can be observed especially before sharp
turns. The utilization of the additional kinematics is even stronger compared to the MPPO
solution in Fig. 6 and can be observed particularly when driving corners. Here, the majority
of the movement is performed by the additional kinematics and the serial kinematics follows
a smoothed, rounded contour. Through time scaling, the trajectory is followed nearly twice
as fast compared to the linear reference from Sect. 3. This is shown in Fig. 10, where accel-
eration and deceleration is clearly visible compared to the timing law s..¢(¢) of all previous
solutions. Also the overall energy consumption, as shown in Fig. 11, is reduced by time
scaling the reference trajectory and is discussed further in the following.
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Fig. 11 The consumed energy E(t) for all methods presented in this work

7 Discussion

The results obtained in this work show that even a small change in the robot’s pose can
significantly minimize the energy consumed when following a machining path. Figure 11
lists all the methods analyzed and their energy consumption for comparison.

In the first attempt, relating to the standard inverse kinematics algorithm versus the al-
gorithm utilizing redundancy for energy minimization of Sect. 4, the consumed energy is
reduced from roughly 4.6 kWs down to 0.62 kWs. This corresponds to a consumption of
13.5% compared to the original energy for the standard case and is mainly achieved by
using the linear rail or the cart of the simplified system for an energetically advantageous
repositioning. By including additional kinematics to the system, the energy consumption
is further minimized to circa 0.37 kWs. Finally, further energy is saved by also optimizing
the trajectory through the adaption of timing law s(¢). Hereby, the entire trajectory is com-
pleted in 25.1 seconds, almost half the time of the reference trajectory at 45 seconds. This
in turn results in a nearly halved energy consumption of 0.22 kWs. Compared to the initial
consumption, this corresponds to a consumption of only 4.78%, i.e. a total energy saving
of 95.22%.

It should be noted that such a drastic effect is only possible due to a simplified model of
the drives and the general system, e.g. by not taking gear ratios into account, as discussed
in Sect. 5. Figure 12 shows the total consumed energy when only taking into account the
mechanical power Py, in equation (5.21), i.e. for a system with very high gear ratio. All
solutions perform better when compared to the normal IK solution, yet the methods do not
deviate as much. The scaled MPPO solution continues to stand out, as it is more time, and
at the same time, energy efficient. Overall, it can be summarized that it is worth exploiting
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the excess degrees of freedom for subtasks like energy efficiency and, if possible, even
increasing the existing redundancy by adding extra kinematics.

8 Conclusion

In this work a novel approach for pose optimization of hybrid kinematic robots in machining
has been developed. Pose optimization is done by alternating the inverse kinematics calcu-
lation. First, a standard inverse kinematics algorithm is presented, which is then extended
to exploit redundancy for energy minimization. In order to also address the additional de-
grees of freedom of hybrid kinematic robots, a model predictive pose optimization (MPPO)
is presented. Here, the full drives’ power output is used as cost function, which is then min-
imized by solving a nonlinear optimization problem in DAE formulation. This method is
then extended to also optimize the trajectory by adapting the timing law s(¢) to increase
efficiency.

While in literature often pick and place tasks serve as application for robot’s trajectory
optimization, this approach focuses on energy optimality in machining tasks. Thereby a ref-
erence path is provided, and path accuracy is crucial. Thanks to the DAE formulation, path
accuracy can be guaranteed. This is not necessarily the case in learning based methods. In
addition, in similar optimization problems for trajectory optimization, the trajectory devi-
ation is often included in the cost function along with other objectives. This results in a
multi-objective problem, where one objective is mostly achieved at the expense of the other.
Compared to approaches in which the jerk and acceleration of the system are explicitly lim-
ited in order to avoid high torques when traversing corners, this is implicitly achieved with
the method presented here. Due to the hybrid kinematic structure of the system, high jerk
and acceleration can be driven by the lower inertia of the additional kinematics part. Thanks
to additional time scaling, path velocity, acceleration and jerk are adapted for energy optimal
traversing while also increasing efficiency.

From an industrial point of view, conventional CNC machines typically do not possess
any extra degrees of freedom and therefore these are not yet taken into account in conven-
tional CAD/CAM programs that are used for path generation in machining. So far, robot
controls are not equipped with an “energy-saving mode” either. Especially for production
systems this can have a positive effect for a company’s environmental footprint and thus
contribute to CO; reduction and national climate goals.

Finally it is noted, that Model Predictive Pose and Trajectory Optimization can be easily
adapted to other subtasks, such as minimum process forces, by adjusting the cost function.
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