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Abstract—Two control approaches are presented to improve
the energy efficiency of a robot which has to perform point-to-
point motions during a fixed time interval. The first approach is
based on a time-optimal servo control algorithm whose parame-
ters are optimized in order to achieve energy efficient behavior.
The second approach is a energy-optimal model predictive control
approach. The developed approaches are applied to a robot
playing badminton. The robot is still able to intercept most of
the opponent shuttles on time, while a significant reduction of
the energy consumption is demonstrated in both cases.

I. INTRODUCTION

Time-optimal motion control received large attention both

in the academic and the industrial world due to the typical

requirement for fast and accurate motions maximizing the

system’s productivity. Proximate Time-Optimal Servo (PTOS)

control [1], [2] is widely used for point-to-point motion con-

trol. Recently time-optimal MPC is proposed as an alternative

control scheme, where actuator saturation and other non-linear

effects can explicitly be taken into account.

Energy-optimal control is also a well researched area with

enormous references like [3]–[6]. Due to the increasing energy

prices, there is a growing industrial interest in energy efficient

systems. Since time- and energy-optimality are two conflicting

requirements, multi-objective optimization [11] can be used

to find the optimal trade-off between these requirements.

Current results indicate that for many industrial machines,

energy saving is often possible while preserving the essential

productivity of the machine.

In this paper two approaches are presented. The first one is

a classical approach, where the settings of an existing PTOS

motion controller are adapted for each motion, such that less
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energy is consumed. This method is further referred to as

Proximate Energy Optimal Servo (PEOS). The optimization

objective is to achieve energy-optimality while not exceeding

motion time requirements. The main advantage of this ap-

proach is its computational simplicity. The second approach

is a modern approach, based on on-line optimization, more

precisely MPC. This method is further referred to as Energy

Optimal MPC (EOMPC). The computational requirements

for this approach are more stringent, but measurably better

performance is obtained.

Outline of the paper: The paper starts with a brief de-

scription of our experimental plant - a badminton robot with

existing PTOS motion controller. The energy cost function

related to our robot is specified. Then the modified PEOS

approach is described, followed by the description of the

EOMPC. Section IV discusses the experimental validation of

both approaches and critically evaluates the obtained results.

II. EXPERIMENTAL SETUP

A. Design of the badminton robot

Fig. 1 shows a schematic representation of the considered

system. A detailed description of the robot and its subsystems

can be found in [13]. The robot has 3 degrees of freedom -

a linear axis, a rotational axis and a hit axis. The linear axis

is used to position the robot across the field using a linear

motor. As this axis is the main energy consumer, its motion is

subject to optimization in this paper. The dynamics between

the current to the linear motor and its position is close to a

double integrator.

A stereo camera system is used to detect the shuttle cock.

Based on shuttlecock location measurements, the shuttle cock

trajectory is estimated. Interception logic determines the ap-

propriate hit time and the robot configuration (i.e. hit angle,

rotational angle and position along the linear axis) in order to

hit back the shuttle to the human opponent at a point along

the predicted shuttlecock trajectory.

As the shuttlecock trajectory is known with a large un-

certainty immediately after the human player has hit the
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Fig. 1. Concept of the robot playing field and the visual system

shuttlecock, the interception point (position and time) estima-

tion is repeated continuously throughout the motion. Since

these estimates can change drastically during the motion,

the developed control algorithms must be able to deal with

continuously changing interception points.

B. Proximate time-optimal servo (PTOS)

The total time available for the badminton motion is limited

by the expected fly-time of the badminton shuttlecock (usually

less than 1 sec). For this reason, originally, the time-optimal

control approach PTOS [2] was implemented on the linear

axis, which aims to position the robot in the hit configuration

as fast as possible taking into account actuator constraints.

Since the PEOS approach discussed in section III is based

on PTOS, this algorithm is discussed first. For the considered

ideal double integrator plant dynamics (with the position y as

output and u equal to the acceleration a as input)

ẏ(t) = v(t) (1)

v̇(t) = a(t) = u(t)

where the acceleration a(t) and velocity v(t) are bounded

(−â ≤ a(t) ≤ â, and −v̂ ≤ v(t) ≤ v̂), an approximation of

the time-optimal control is relatively simple and easy to

implement. If the goal is to move from y = 0 to a desired

position y = ydes, the control signal u has the form

u(t) = âsat1(k2(satv̂( fptos(e(t)))− v(t))) (2)

e(t) = ydes − y(t)

where

fptos(e(t)) =

{

sgn(e(t))(
√

2âα|e(t)|− J), |e(t)|> yl

k1
k2

e(t), |e(t)| ≤ yl

k1 =
2αξ2

yl

,k2 = 2ξ2

√

2α

âyl

,J =
1

√

2
âαyl

satX (x) =















−X , x < X

X , x > X

x, otherwise.

The controller parameters k1, k2, J depend on the design

parameters yl , ξ, α which can be used to gain robustness at

the cost of small loss of time optimality. yl is the size of the

region near the target ydes, where the PTOS algorithm behaves

like a linear controller. In the linear region ξ is the desired

damping of the closed loop system. α ≤ 1 is a discount factor

to obtain a safety margin during the deceleration.

PTOS can be implemented as a feedback controller or as a

trajectory and feedforward generator [2]. In this work PTOS is

used as a trajectory and feedforward generator, in combination

with a position feedback controller with a bandwidth of 10Hz

running at a sampling rate of 1kHz. This feedback controller,

further referred to as tracking controller, guarantee stable and

accurate positioning. The trajectory and feedforward signals

are obtained by closing the PTOS loop on a double integrator

model plant, instead of the real plant. The obtained plant

model output and input are applied as position reference

and feedforward for the tracking controller. Both the PEOS

and EOMPC approaches discussed below are used in this

configuration, i.e. are used in combination with a tracking

controller.

C. The robot energy consumption

An energy consumption model has been identified experi-

mentally. First, current and voltage measurements for a set of

typical motions were performed at the entry of the electrical

cabinet of the robot. Estimates of the powers were obtained

by multiplying these voltages and currents.

Then a parametric model was fitted on these data using

as inputs robot velocity (v) and acceleration (a) estimates

obtained from the position data measured during the above

mentioned experiments. The following regression model was

obtained.

P = 160.26+24.13× v2 +18.35×av+1.57×a2 (3)

The structure of this model is determined based on the

following physical considerations: (i) a2 relates to the resistive

losses, (ii) v2 relates to the viscous friction losses and (iii) av

relates to the mechanical power. This model is used in the

PEOS and EOMPC approaches.

III. PROPOSED METHODS

A. PEOS with Genetic Algorithm (GA) tuning

The PTOS algorithm [14] is the basis of the proximate

energy-optimal servo (PEOS) approach. For time-optimal

point-to-point motions, the PTOS algorithm generates the

control signal u(t) assuming a constant maximum acceleration

â and velocity v̂ determined by the physical limitations of

the linear motor. The idea in the developed energy-optimal

approach is to adapt these parameters during the motion of

the badminton robot in order to increase the energy efficiency.

According to Eq. (3) an effective method to improve energy

efficiency, is to reduce the velocity and acceleration during

the motion of the robot. This can be achieved by limiting the

parameters â and v̂ in the PTOS algorithm. As a consequence,
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Fig. 2. PEOS motion controller structure

the time needed to reach the interception point will increase

such that the risk occurs that the robot arrives too late to

intercept and hit back the shuttlecock. Therefore, a trade-off

between the energy consumption and the motion time has to be

determined. For this purpose look-up-tables are introduced in

the control scheme on Fig. 2. While in the original scheme

â and v̂ are constant, in the new scheme in Fig. 2 the

interception point and time are processed by look-up tables

in order to modify â and v̂. Since the fundamental structure of

the motion controller is preserved and no significant increase

of the online computational complexity is introduced by the

proposed modification, the PEOS algorithm can be applied on

the same limited embedded hardware as the baseline PTOS

controller. The look-up-tables, which are used to determine â

and v̂ are created according to the following procedure:

1) Multi-objective tuning of â and v̂ in simulation: The

selection of optimal values for â and v̂ (lookup table in

Fig. 2) is a multi-objective optimization problem, where the

optimal trade-off is searched between the consumed energy

during a motion, the motion duration and the travelled dis-

tance. This problem is solved using a multi-objective Genetic

Algorithm (GA). Each individual of a generation of the GA is

parametrized by a chromosome containing a different triplet

(â, v̂, ydes). Using numerical simulations, for a given desired

distance ydes of the robot’s linear motion and for a given

maximum acceleration â and maximum velocity v̂ in the

PTOS algorithm, the values of the time T and energy E are

calculated.

The simulation function is implemented as a PTOS con-

troller (2) driving an ideal double-integrator plant (1), and

provides the acceleration and velocities during the motion time

T . Eq. (3) is used to calculate the dissipated power, which is

integrated to obtain the consumed energy E. The cost function

used to minimize the values in the sense of Pareto has the

following form

(â, v̂,ydes)
cost
−−→ (T,E,

1

ydes

) (4)

This function calls internally the simulation function and

uses the values of T and E. The fitness of each individ-

ual is determined based on the multi-objective cost triplet

(E,T,1/ydes), where E and T are obtained using the simula-

tion function. A multi-objective genetic algorithm was run for

50 generations, each of 200 individuals with the cost function

(4).

2) Constructing the â and v̂ look-up tables: For each

point (E,T ,ydes) on the final Pareto front, the corresponding

acceleration and velocity values from the chromosome triplet

(â, v̂, ydes) are also known. This permits us to construct the

following functional mappings

(T,ydes) 7→ â

(T,ydes) 7→ v̂, (5)

which can be used to determine the PTOS settings in an

energy-optimal way. The functional mappings were approx-

imated using a piece-wise linear fit according to the following

procedure:

1) The (T ,ydes)-plane is divided into a grid,

consisting of all combinations from the

following sets T ∈ {0.75,1,1.25,1.5}, ydes ∈
{0.4,0.6,0.8,1,1.25,1.5,1.75,2,2.25}.

2) For each point of the grid, the 50 closest points from the

Pareto front are selected with the corresponding PTOS

parameters â and v̂.

3) A linear surface fit is performed on these 50 points -

one for the (T,ydes) 7→ â relationship and another for

(T,ydes) 7→ v̂, resulting in linear approximating coeffi-

cients.

4) Two look-up tables are then build consisting of an

evaluation of the local linear approximations on the grid

points. They are shown on Fig. 3 and Fig. 4.

The above procedure takes some time, but it is to be performed

only once off-line. The resulting (T,ydes) 7→ â and (T,ydes) 7→ v̂

approximations stored in the form of look-up tables are easy

and quick to evaluate on-line.

B. Energy-Optimal MPC

Energy-optimal MPC (EOMPC) [15] is a control method

that aims at performing energy-optimal point-to-point mo-

tions within a given motion time. EOMPC solves this op-

timal control problem in real-time taking into account sys-

tem constraints. Because of the real-time solution strategy,

interception reference and interception time can be changed

during the motion. Energy optimality is achieved by setting

the object function of the MPC optimization problem equal

to the system’s energy consumption. EOMPC is essentially

using the time-optimal MPC (TOMPC) approach described

in [16] which minimize the point-to-point motion time of

linear time-invariant systems while taking into account the

system constraints. The motion time minimization of EOMPC

is stopped once the requested interception time is reached. As

a result, the motion will be executed in the given interception

time, and not faster, and the energy consumption will be

minimized. If for some reason the requested motion time is too

short for the considered system and displacement considering

the system constraints, EOMPC approach will perform exactly

the same as TOMPC - in this case it will automatically find the

shortest possible motion time (which obviously will be larger

than the requested motion time) and realize the motion in an

time-optimal way.
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Fig. 3. Maximum acceleration look-up-table (T,ydes) 7→ â

Fig. 4. Maximum velocity look-up-table (T,ydes) 7→ v̂
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 Tracking 
Controller

u

yref

ydes

      hit time

Slow-to-Fast 
  Transition

plant

Fig. 5. EOMPC motion controller structure

The EOMPC generates position reference yre f and acceler-

ation control signals u, assuming the double integrator model

(1), which are applied to the position feedback controlled lin-

ear motor, as shown in Fig.5. This position feedback controller

(indicated in Fig.5 as tracking controller) runs at a sampling

rate of 1kHz. The sampling rate of the EOMPC is limited

to 100Hz due to the computational complexity of the MPC

real-time optimization. Due to this sampling rate difference,

a zero-order-hold extrapolation is performed on the EOMPC

control signals as indicated in Fig.5.

The EOMPC optimization problem is formulated as a two-

layer optimization problem. First the settling time defined

as the number N of discrete time instants required for the

system to be at rest at the desired set point is determined

based on the available motion time K∗. K∗ depends on the

interception time provided by the interception logic. Once N is

determined, the optimal signal sequence is obtained by solving

the MPC optimization problem. Hence, at each time instance

l the following two optimization problems, ’Problem A’ and

’Problem B’, are to be solved:

’Problem A’, denoted as PA(x̂l ,N), calculating the energy

optimal control signal for a given N (which is obtained by

solving ’Problem B’) while respecting the system constraints,

is defined as follows:

V ∗
A = min

u
Eloss(u) (6a)

s.t. x0 = x̂l (6b)

xk+1 = Akxk +Bkuk, k = 0,1, · · · ,Nmax −1 (6c)

yk = xk(1), k = 0,1, · · · ,Nmax (6d)

vk = xk(2), k = 0,1, · · · ,Nmax (6e)

vmin,umin,ymin ≤ vk,uk,yk ≤ vmax,umax,ymax (6f)

yk = ydes, k = N, · · · ,N +n−1 (6g)

uk = 0, k = N, · · · ,Nmax −1 (6h)

In Equation (6), u = [u0, . . . ,uNmax−1] is the optimization

variable over the prediction horizon Nmax. x̂l in Eq. (6b) is the

system state at time instance l. Since the EOMPC is used here

in an open-loop configuration generating reference position

and acceleration feed forward, x̂l is obtained through open-

loop simulation of the double integrator system model (1).

The optimization is based on the system model Eq. (6c). The

two state variables are the position and velocity as shown in

Eq. (6d-6e). Eq. (6f) specify the constraints on the position,

the velocity, and the acceleration of the system. Eq. (6g-6h)

are moving endpoint constraints and impose the system to be

at rest at the desired setpoint ydes at time N.

The system dynamic matrices Ak and Bk are time dependent

because of the non-equidistant sampling time, which is called

’Blocking’ [15]. Blocking is utilized in the EOMPC in order

to be able to extend the prediction horizon to 2 seconds

such that all possible requested displacements can be reached

within the interception time, while limiting the number of

optimization variables Nmax = 35. Equidistant sampling at a

sampling rate of 100Hz in combined with a prediction horizon

of 2 seconds would result in 200 optimization variables and

yield an optimization problem that is too large to be solved in

real time at this specific sampling rate.

’Problem A’ defines an admissible set

X(N) = {x̂l |PA(x̂l ,N)is feasible} (7)

X(N) in (7) is the set of system states from which the set

point can be reached within N time steps, while respecting all

system constraints Eq. (6f).

’Problem B’, calculating the settling time N, is defined as

follows:

V ∗
B (x̂l ,K

∗) = minN (8a)

s.t. x̂l ∈ X(N) (8b)

max(Nmin,K
∗)≤ N ≤ Nmax (8c)
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In Equation (8), N is bounded by Nmax and the maximum

of Nmin and K∗. To guarantee unconstrained solvability, Nmin

should be at least n with n the number of states [17]. Hence,

at each time step l, ’problem B’ minimizes N up to K∗ if ydes

can be reached in K∗ time steps (PA(x̂l ,K
∗) is feasible) except

if (i) ydes can be reached in less than or equal to Nmin time

steps with K∗ < Nmin, yielding N = Nmin or if (ii) ydes can’t

be reached in K∗ time steps, yielding N > K∗.

The object function Eloss is based on the experimentally

identified energy consumption model Eq. (3) which considers

both copper and friction losses. This energy consumption

model is an extension of the model considered in [15],

where only copper losses are taking into account. Based on

equation (3), the object function of the EOMPC (6a) can be

formulated as follows:

Eloss = vTR1v+uTR2v+uTR3u (9a)

R1 = c1 ∗ Ir (9b)

R2 = c2 ∗ Ir (9c)

R3 = c3 ∗ Ir (9d)

with c1 = 24.13, c2 = 18.35 and c3 = 1.57, the parameters

of the identified energy model Eq. (3). v = [v0, . . . ,vNmax−1]
with velocity vk (k = 0, · · · ,Nmax − 1) given by Eq. (6e).

Ir ∈ RNmax∗Nmax is a diagonal matrix but not an identity matrix

because of the non-equidistant sampling time considered in the

prediction horizon. The ith diagonal element (i = 1, · · · ,Nmax)

equals the duration of the kth discrete time interval divided

by the sampling time Ts = 0.01[s]. An advantage of EOMPC

is obviously shown here that different models of the energy

losses can be easily dealt with by defining different weighting

matrices R1, R2 and R3.

This optimization problem is a convex QP. Its size is

constant and hence independent of the distance between the

robot and the target position. It is solved by the on-line active

set method called qpOASES [10].

IV. EXPERIMENTAL RESULTS

The two proposed control schemes were implemented on

the real badminton robot hardware and tested. It is difficult to

compare the performance and energy-efficiency of the robot

during a real badminton game because the same series of the

motions can never be repeated exactly. Therefore, a standard

test motion of approximately 10 minutes was recorded and

repeated twice on the robot, once using the PEOS and once

using the EOMPC approach. A total of 84 shuttle hits are

performed during the play.

Keeping in mind our original multi-objective formulation,

the following criteria are evaluated:

• the energy consumed for the series of motions

• the on-time arrival of the robot at the interception points

A representative zoom of part of the results are shown in

Fig. 6. Remark that the interception time shown in Fig. 6(a)

does not necessarily change linearly with time and the inter-

ception reference shown in Fig. 6(b) changes during motion.
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This is because the interception logic continuously updates the

interception point as explained in section II. Once the robot

has hit the shuttle, it moves back to the center of the linear

motor within a given constant homing time and waits for the

next desired interception reference requested.

The EOMPC requires less energy than PEOS. For the

experiment discussed above, EOMPC and PEOS consume

126kJ and 134kJ respectively. Fig. 7 shows the positioning

error, that is the difference between the actual position at the

specified hit time and the interception point, for each of the

84 requested shuttle hits. Due to the high bandwidth of the

position feedback controller, the positioning error is mainly

caused by the reference generating (PEOS and EOMPC)

algorithms. A positioning error larger than 3cm is considered

as a missed hit. Fig. 7 clearly shows that the EOMPC (2 missed

hits) performs better than the PEOS approach (7 missed hits).

This is due to the fact that the EOMPC can make a good trade-

off between the energy consumption and the positioning error

which can not be done by PEOS. For each motion, when the

required motion time is larger than that of time-optimal MPC,

EOMPC performs energy optimal motion, otherwise, EOMPC

performs time optimal motion regardless energy consumption.

In order to compare these two proposed energy-optimal

control schemes (EOMPC and PEOS) with the time-optimal

PTOS, the PTOS was implemented on the real badminton

robot hardware for the same test. PTOS consumes 229kJ and

3 missed hits. A huge reduction of the energy, about 40%, is

obtained by using EOMPC and PEOS comparing with PTOS.

EOMPC and PTOS have the same positioning error.

V. CONCLUSION

In this paper two approaches for energy optimal motion are

presented. The first approach is based on a classical and mature

industrial technology, namely PTOS. It is tuned using genetic

algorithm with the aim to improve the energy efficiency of

the motion. The second approach EOMPC is based on model-

predictive control and includes optimization on each time-step

of the cost function based on actual energy of the robot.

Both approaches show very good results. A strong re-

duction of the dissipated energy is obtained compared to

time-optimal control while the performance degradation is

negligible. EOMPC outperforms PEOS - both in energy and

in precision because the EOMPC can make a good trade-off

between the energy consumption and the positioning error. On

the other hand, the PEOS approach is more simple and requires

less performance hardware to implement. The EOMPC ap-

proach also relies on the availability of cost function describing

the energy in a quadratic form, which is probably not possible

for all systems.

Future work can apply the approach to higher dimensional

systems with more flexible modes. In this case EOMPC, which

can deal with high dimension systems, have a very strong

advantage with respect to PEOS. Online estimation of the

energy cost of the system and corresponding update of the

optimization coefficients in the EOMPC could also be another

interesting extension.
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