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Abstract

Humanoid robots are well suited to function in a world designed for humans.
To function autonomously, it is important that the robot be robust against dis-
turbances. Quick and accurate positioning of the swing foot allows the robot
to recover from large disturbances. This thesis presents a novel controller that
provides accurate foot positioning capability while reducing control effort com-
pared to the existing swing leg controller. The presented controller uses model
predictive control techniques to optimize the joint trajectories. Two cost func-
tions are compared in a simulation study, the minimum of the sum of squared
torques and the minimum sum of squared torque changes. The minimum torque
change cost function has a 20% lower mechanical energy cost compared to the
minimum torque cost function, but suffers from a significantly larger positioning
error at the end of the step and reduced ground clearance. Compared to the
existing controller, the proposed model predictive controller with a minimum
torque cost function decreases the mechanical energy requirements by approx-
imately 35% for a forward step while improving the accuracy. Negative work
done by the actuator to decelerate the foot at the end of the swing is significantly
reduced compared to the foot trajectory controller. The main disadvantage of
the proposed model predictive controller is high computational cost. Therefore,
a secondary controller is introduced, which plans joint trajectories using quintic
splines trough a number of via-points. Mechanical energy consumption during
the swing is comparable to the existing controller, but bandwidth requirements
are reduced. In conclusion, the proposed model predictive controller with a min-
imum torque cost function is able to quickly and accurately position the foot,
while reducing total energy consumption by exploiting the natural dynamics of
the swing leg.
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Introduction

Humanoids robots are well adapted to function in a world that has been designed
for humans. During interactions with the environment, unknown disturbances
will be applied on the robot. Keeping balance under these conditions is essential
for the successful deployment of humanoid robots.

Moving one of the feet to a new position allows the robot to recover from
large disturbances. Suitable step locations for recovery from large disturbances
can be determined using capturability [I]. A central concept is the capture
point, defined as any point on the ground where the robot can step in order to
bring itself to a complete stop [2]. The distance between the foot of the robot
and the capture point increases with longer step durations. During the step, the
location of the capture point is constantly updated to compensate for further
disturbances. Quick and accurate control of the swing foot position is required
for the robot to be robust against large disturbances. This thesis provides a
novel foot position control strategy for force controllable bipedal robots.

Passive dynamics have been successfully exploited in the control of bipedal
robots to attain a stable walking gait. Passive dynamic walkers can walk down
a slope with no actuation [3]. Flat ground walking is possible with only positive
actuator effort [4]. The goal of thesis is to create a controller that takes advan-
tage of the dynamics of the swing leg to reduce control effort while providing
accurate foot positioning capability in order to step quickly and accurate.

Planning the foot trajectory can be done in task space and joint space. In
task space, the foot trajectory is described in Cartesian coordinates and the
joint angles are calculated from the desired foot positions. This approach is
very flexible and is well suited to plan foot trajectories that avoid obstacles.
However, around singular configurations of the legﬂ the desired joint velocities
and accelerations required to accurately track the trajectory are very high [5].
Therefore, our approach is to describe the foot trajectory as function of the joint
angles. This method does not result in unrealistically high joint velocities when
the leg is in singular configurations, and allows walking with a stretched knee.

In this thesis we propose two distinct controllers. The first controller is a
model predictive controller using online optimization of the swing leg motion
and the second one is a simplified controller that can be used on a robot that has
limited computational power. The controllers are designed to be implemented
on two robots that use capturability to control balance, M2V2 and TUlip. An
illustration of the robots is provided in figure

In chapter 1, we give an overview of the state of the art of current methods
to control the swing leg and their drawbacks. In chapter 2 we introduce the

1An example of a singular configuration for a leg is when the knee is stretched.



Figure 1: Humanoid robots. M2V2 is shown on the left and TUlip is shown on
the right.

model of our robot. The calculation of the capture point is described in chapter
3 after which we will describe the model predictive controller in chapter 4 and
the reduced complexity controller in chapter 5. Details of the implementation
of the controllers is given in chapter 6. The performance of the controllers is
compared using simulations in chapter 7.



Chapter 1

Background

This chapter provides background information required to start the research
into fast swing leg algorithms. We first review existing existing methods to
accurately control the swing leg and the foot position for various walking algo-
rithms, followed by an overview of the key characteristics of the actuators that
are used in M2V2 and Tulip, the two robots on which the new controllers will
ultimately be implemented in this thesis.

1.1 Swing foot position control for various walk-
ing algorithms

Most walking robots use the zero moment point (ZMP) balance criteria to gen-
erate walking patterns. Walkers based on the control of the ZMP plan a Center
of Mass trajectory that keeps the Center of Pressure (CoP) well inside the sup-
port polygon of the feet. Foot placement is predetermined by the programmer
or a planning algorithm which plans several steps ahead. This method has suc-
cessfully been applied to the control of several bipedal robots, including Honda
Asimo [6], HRP-2 [7], Aldebaran Nao [§], and KAIST Hubo [9]. Advances in
the walking algorithms mean that these robots are stable even if perturbed by
small disturbances [7]. Stiff position controlled joints are used to accurately
control the center of mass position. During the swing phase, a foot trajectory is
defined from the current location towards the desired step location in Cartesian
space. Usually, a spline interpolation is employed to create a smooth trajec-
tory for the foot. Given a robot with six degrees of freedom in each leg, this
results in twelve unknown joint positions and twelve constraints ( position and
orientation of the foot, position of the CoM and orientation of the upper body).
Using inverse kinematics, the corresponding joint positions can be determined.
Because the desired foot position is typically fixed for the ZMP approach, it is
not suitable for our problem where the desired foot position changes during the
swing motion.

The current foot trajectory controller on M2V2 plans the foot trajectory
in Cartesian space. The trajectory consists of three phases: take-off, cruise,
and landing. Specified are the maximum acceleration and velocity of the foot,
the slope of the take-off and landing phase and the desired ground clearance
height. During the take-off phase, the foot accelerates towards the desired step



Figure 1.1: The desired foot trajectory for M2V2. The trajectory consists of
three phases, a take-off phase, a constant height cruise phase and a landing
phase.

location on the take-off slope until it reaches the desired ground clearance and
transitions to the cruise phase. The foot moves towards the desired step location
until the landing slope will take the foot towards the desired step location. In
the landing phase, the foot decelerates and comes to a stop before touching down
on the ground, see figure The desired joint angles are determined from the
trajectory using inverse kinematics and stiff position control is used to track
the desired joint angles. The disadvantage of this controller is that it plans
foot trajectories in Cartesian coordinates, leading to very large desired joint
accelerations and velocities near singular configurations. Because the maximum
joint accelerations and velocities are limited, it is not possible to accurately
track the trajectory near singular configurations. This leads to large end of
step positioning errors, especially if the leg is almost stretched at the end of the
swing. Therefore, this control algorithm does not give adequate performance
for accurate control of the swing foot position.

Joint space trajectory control is applied on various Limit Cycle Walkers, such
as Meta and Flame [I0]. Joint trajectories are defined by polynomial interpola-
tion. Stability is attained by finding a limit cycle, where the state of the robot
is the same at the end of each step. Foot placement is not adjusted during the
swing motion. By defining joint trajectories instead of a foot trajectory, singular
configurations do not lead to high accelerations and these robots can walk with
stretched knees. Using joint trajectories with polynomial interpolation avoids
problems with singular configurations and the resulting joint accelerations are
therefore very useful for swing foot position control. The control algorithm as
implemented for Meta and Flame does not incorporate changing desired foot
positions and can therefore not be used for our control problem.



1.1.1 Joint position control

Traditional linear control, such as P(I)D control or full state feedback of the indi-
vidual joints is a straightforward control technique to control the joint positions
and consequently the swing foot position. The main advantage is that the only
inputs are desired joint position and optionally desired joint velocity. A dynamic
model of the robot is not necessary for the implementation of these controllers.
Tracking behavior is accurate in only a small area of the work space due the
non-linear dynamics of the swing leg. Therefore, linear control techniques are
not suitable for accurate control of the swing foot position, particularly when
the control gains are limited by the actuators.

Controlling the swing leg is a multi-input, multi-output (MIMO) problem.
Using an accurate model of the inverse robot dynamics, joints torques can be
calculated as a function of joint accelerations. The system behavior as a function
of joint accelerations is decoupled and linear [ITI]. A PD controller with feed
forward is used to determine the joint accelerations ¢ from the desired joint
position qg4, joint velocity ¢4 and acceleration ¢q

q=qa+ Ky(dga—q) + Kplqa —q) (1.1)

Where ¢ is the measured joint velocity and ¢ is the measured joint angle.
The tracking error of this controller is theoretically zero, however inaccuracies in
the dynamic model and discretization make this impossible to attain in practice.

1.2 Actuators

Stiff position control is necessary to accurately track joint trajectories. Robots
based on ZMP control are designed for stiff position control, however M2V2
and TUlip are designed for force control. This leads to the question if accu-
rate tracking of joint trajectories is possible using actuators designed for force
control.

To provide high precision torque control, both TUlip and M2V2 are designed
with series elastic actuators (SEAs) [12]. On M2V2 all joints are implemented
with SEAs, while TUlip has SEAs on the hip pitch, knee, ankle pitch and ankle
roll and electric motors on the hip yaw and roll.

Series elastic actuators have an elastic element of known stiffness between
the output shaft of the actuator and the joint axle. The deflection of the elastic
element is measured (either directly or indirectly by the difference between the
actuator shaft and joint axle angle) and used to calculate the joint torque. A
PID controller is used to control the joint torque using the measured deflection.
This allows accurate control of the joint torques.

The usage of SEAs allows the robots to use very flexible balance algorithms
as described in [I]. The main disadvantage of SEAs over directly coupled actua-
tors is that they have limited force bandwidth. This reduces the stiffness of the
position control loop and makes tracking the desired foot trajectory inaccurate.
Therefore, traditional foot position controllers are less suited for usage on M2V2
and TUlip.



1.3 Conclusion

This chapter provided the required background on existing swing leg controllers
and on the actuators used in our robots. With this information, we can conclude
that Cartesian based foot position control schemes, while successfully used in
numerous robots, suffer from singularities and the corresponding joint velocities
and accelerations. This makes Cartesian based foot position control not suited
for our control strategy. Joint trajectory control schemes avoid singularities,
but have less control over the foot position during the swing. Tracking the
desired joint angles can be done using P(I)D control, but for better tracking
performance it is necessary to use a model based controller that includes the
dynamics of the leg.

Force controllable actuators based on series elastic actuators provide high
fidelity force control, but have reduced bandwidth compared to directly coupled
actuators. The limited bandwidth reduces the stiffness of the position control
loop, reducing the accuracy of the foot placement.

In the coming chapters, we will introduce a control scheme based on joint
trajectory control that accurately positions the foot with SEAs.



Chapter 2

Model

2.1 Introduction

To accurately control the swing foot position of the robot while taking advantage
of the passive dynamics of the swing leg it is desirable to have an accurate model
of both the kinematics and dynamics of the robot. Using a forward kinematic
model we can calculate the foot position as a function of the joint angles, while
inverse kinematics are used to calculate desired joint angles as function of a
desired foot position. M2V2 and TUlip are lower body humanoid robots with
6 degrees of freedom in each leg. For both robots, the ordering of the joint
axis is the same, allowing us to use a common kinematic model. The kinematic
structure of the robot is shown in figure An existing forward kinematic
model is available for both robots, this model is described in m We have
derived an analytical expression for the inverse kinematics corresponding to the
joint ordering employed by M2V2 and TUlip. The derivation is given in

An inverse dynamics model allows the calculation of the joint torques re-
sulting in a desired joint acceleration, given the joint angles and velocities and
the external forces working on the robot. For our controller, we leverage the
existing implementation of the inverse dynamics model to calculate the desired
joint torques [13].



M Hip Yaw

Hip Roll

Hip Pitch

Knee

Thigh _— l'/
Ankle Pitch

Ankle Roll

Figure 2.1: Link and joint names for the kinematic structure of both M2V2 and
TUlip. Note that the ankle roll and ankle pitch axis intersect. In our model,
the order of the joints is hip yaw, hip roll, hip pitch, knee, ankle pitch and ankle
roll.

2.2 Kinematic Model

There are two parts that make up the kinematic model of the robot, a forward
kinematic model and an inverse kinematics calculator. The forward kinematics
model, described in section [2.2.1] can be used to calculate the position of an
arbitrary point on the robot, for example the swing foot position, as function
of the joint angles. Using the forward kinematics model, we can also calculate
the velocity of an arbitrary point on the robot using the joint positions and
velocities, as described in section [2.2.1

The inverse kinematic model, described in section [2.2.2] is used to calculate
joint angles corresponding to a desired swing foot position. Likewise, desired
angular velocities can be calculated from a desired foot velocity as described in
2.2.2)



2.2.1 Forward kinematics

The kinematic model of the robot consists of rotational joints and rigid links
and follows the structure proposed by Duindam [I4]. All joints are connected to
their preceding joint by a link. A virtual root joint with six degrees of freedom
is defined at the pelvis, connecting the robot to the world. At each joint, we
define a reference coordinate frame (frame for short). The relation between the
frames is described by a homogenous transformation matrix. A homogenous
transformation matrix is a 4 x4 matrix describing the translation and orientation
between two frames [I4]. We denote the homogeneous transformation matrix
that transforms vectors from frame A and frame B as HS. The transformation
matrix consists of a 3 x 3 rotation matrix R describing the orientation and a
3x1 vector p describing the translation.

RB B
HY = [ & plA] (2.1)

We notate a point expressed in frame A with the Cartesian coordinate x, y
and z as

Q' = (2.2)

— e R

To transform the point Q*, expressed in frame A, to frame B we pre-multiply
it by the transformation matrix HE.

Q” =H5Q" (2.3)

Given the transformation matrix between frame B and C, H, expressing
the point Q4 in frame C becomes

Q“ =HEQ” =HEHEQ" (2.4)

From this, we can deduce that the transformation matrix describing the
relation between frame A and frame C is

HS = HGHE (2.5)

Finally, in order to express the point Q°, given in frame C, in frame A we
just need to invert the transformation matrix.

Q' =HI)'Q” (2.6)

The inverse of a homogeneous transformation matrix H can be shown to be
[14]
-1
R p _ RT —-R7p
{O 1} - { 0 1 (2.7)

Rotation around an axis ¢ by ¢ radians can be described by a homogeneous
transformation matrix H; with zero translation.



_ |Ri(g) ©
- [0 ) 23)
For a rotation q around the three primary axis, x, y and z, the corresponding

rotation matrices are

1 o0 0
R.(¢) = |0 cosq —sing (2.9)
|0 sing cosgq |

[ cosq 0 sing]|
Ry¢)=| 0 1 0 (2.10)
|—sing 0 cosq|

[cosq —sing O]
R.(q) = |sing cosq O (2.11)
| O 0 1]

Frames of TUlip The frames of TUlip are defined in figure[2:2] The position
of the joint i + 1 with respect of the joint i is defined by the frame i + 1. The

constant transformation matrix H! consists of the translation pi™ between
joint ¢ and ¢ + 1.
it _ [T pit!
H™ = i 2.12

For numerical values describing the frame definitions of TUlip, see appendix

Al
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Figure 2.2: Frames as defined for TUlip. The root frame (0) is attached to
the pelvis of the robot, at the backside of the top of the body. Frame (1) is
attached to the outgoing axle of the hip yaw actuator. Frame (2) is attached to
the axle of the hip roll actuator. Frame (3) is attached to the axle of the hip
pitch actuator. Frame (4) is attached to the axle of the knee actuator. Frame
(5) is attached to the axle of the hip pitch actuator and frame (6) is attached
to the axle of the hip roll actuator.

The set of joint angles ¢ for each leg is defined as
-
=1 ¢ ¢ & @ ¢ (2.13)

Where ¢! is the hip yaw angle, ¢? the hip roll angle, ¢ the hip pitch angle,
¢* the knee angle, ¢° the ankle pitch angle and ¢® the ankle roll angle. Note

?

that due the frame definitions Rﬁfl depends on ¢* and pfl is fixed.
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Velocity kinematics

Analogous to transformation matrices describing the orientation between two
reference frames, we can describe the relative velocity between two reference
frames using a twist. A twist T;“ describes the relative velocity of frame j
to frame i, expressed in frame k. A twists is a 6-by-1 vector, consisting of an
angular part w;-“ € R? and a linear part vf” € R3 [14].

ki Wi
- 210

We can change the frame the twist is expressed in with the following relation
[14]

T;n’k = Adem T;’k Wlth AdH = |:~R O:|

SRR (2.15)

To determine the twist T]m’k of an arbitrary body, we use the geometric
Jacobian [I4]. The geometric Jacobian from body j, relative to body i expressed
in body k, JJI-”, is used to calculate the twist T;”

TH = g (2.16)

J J

Velocity kinematics for the robot model The relative twists for each
individual joint in the leg are

!
=

7%= 0 1 0 0 0] ¢ (2.17)
=11 0 0 0 0 0] ¢ (2.18)
732=0 1 00 0 0"¢ (2.19)
=0 1 0 0 0 0]"¢ (2.20)
=00 10 0 0 0] ¢ (2.21)
T$5=[1 0 0 0 0 0] ¢ (2.22)

(2.23)

The geometric Jacobian for the leg, used to find the twist between the root
body and the foot Tg’o, is

Je0 = Adipo Adpp Adg Ad Ad o

oo o~ OO
[N eNoNoNoll S
[l eNeNell =]
[l e Nell -]
SO oo o~ OoO
[N ool S

—~

2.24)
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2.2.2 Inverse kinematics

Two methods can be used to calculate the joint angles as function of the desired
foot position, a numerical optimization using the forward kinematic model and
an algebraic derivation. An algebraic derivation of the inverse kinematics has
several advantages over a numerical solution

e A numerical solution can become unstable, especially near singular con-
figurations of the leg.

e An algebraic solution can provide feedback on the reason why a certain
position is not reachable.

e Multiple solutions to the inverse kinematics problem are possible. An
algebraic solution can distinguish between feasible and infeasible solutions
based on joint limits.

e An algebraic solution can be faster to compute

A major disadvantage of an algebraic solution is that it needs to be derived
based on the kinematic configuration of the robot and is not guaranteed to
exists. It can be shown that for all leg configurations with 6 degrees of freedom
where three axis intersect it is possible to find an algebraic solution to the inverse
kinematics [15]. However, both M2V2 and TUlip have no three axis intersecting
and there is no solution to calculate the joint angles as function of the desired
homogenous transformation matrix H between the pelvis and the foot.

To find a solution to the algebraic inverse kinematics problem, the complexity
of the problem is reduced by defining the hip yaw angle e,q.,. The hip yaw
angle is approximately equal to the foot yaw angle with respect to the pelvis.
By defining the hip yaw angle, we need 5 variables to describe the remaining 5
degrees of freedom. These are the foot position with respect to the pelvis pg,
the desired foot pitch with respect to the pelvis ep;tcp, and the desired foot roll
with respect to the pelvis e,,;;. The transformation matrix HY can be calculated
from the desired translation p, the desired hip yaw angle eyq,, and the desired
foot pitch ep;icn and foot roll e,q; with respect to the pelvis.

I 0
HO = Rz(eyaw) |:0 Iiﬁil Ry(epitch)Rx(eToll) (225)

First we derive the hip roll, hip pitch and knee angles from the desired
translation p§. Then we calculate the rotation RY and use that to determine
R¢ and the corresponding ankle angles.

Hip yaw angle The hip yaw angle qg is defined to be the desired hip yaw
angle eyquw

4o = €yaw (226)

Hip roll angle The hip roll angle is determined using the geometric relation
shown in figure[2:3] The distances [, and [, are the third and second component
(2 and z) from the translation between frame 2 and frame 5, p3. Note that HJ
can be written as

13



H{ = HYH. (o) H3H, (¢ HIH, (2) HIH, (03) HSH, (g4 HEHL (g5)  (2.27)

From this equation, we can extract the transformation between the pelvis
and the hip roll frame HY and use that to find the translation between the hip
roll frame and the ankle p2.

HY — HOH. () H} (225)

p? = (HY) 'HJHS (2.29)

.
II“‘-‘

Figure 2.3: Determining the hip roll angle. A right triangle is spanned between
the hip roll actuator and the ankle. Its sides have a length of [, and [;, while the
hypotenuse has a length of [.. w; is the distance between the hip roll actuator
and the hip pitch actuator. The hip roll angle is equal to 0,,; — 0.

With p2, we can calculate two angles 0;, and 6,,; as defined in figure
The hip roll angle ¢ is

q1 = eout - ein (230)

First, we calculate the length of the sides of the dotted triangle in figure

lo=—[0 0 1 0]p? (2.31)
L=[0 1 0 0]p? (2.32)

lo = /12 + 12 (2.33)

14



l. corresponds to the distance between the origins of frame 2 and 5. We can
check if the desired foot position is kinematically feasible here by making sure
l. is less than the distance between the hip roll actuator and the ankle when
the leg is fully stretched.

The angles 6;, and 6,,; are calculated using simple geometry

0, = arcsin( %) (2.34)

c

Oour = atan2(lp, ly) (2.35)

Note that the arctan function takes only one argument and cannot distin-
guish between diametrically opposite directions. For example, take two 2-D

vectors a = 1 and b = ~1. The counterclockwise angle between a and the
x-axis is 7 and the counterclockwise angle between b and the x-axis is —%T”.
However, if we use the arctan function, then arctan(}) = arctan(=}) = E'.

Therefore, we use the atan2(z,y) function in the implementation of the inverse
kinematics. atan2(z,y) is defined as

arctan (%) x>0
arctan(%)—i—ﬂ' y>0,2<0
tan (£) — 0,7 <0
atan2(z,y) = ar: an (3) -7 y<hzs< (2.36)
+3 y>0,2=0
-3 y<0,z=0
undefined y=0,z=0

Hip pitch angle We use the hip roll angle to find the translation between
frame 3 and frame 5 p3.

H = HyH, (q1)H3 (2.37)

pl = (HS) 'HIHS (2.38)

—_ o O O
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Figure 2.4: Deriving hip pitch and knee angles. The hip pitch angle g3 is equal
t0 —(Yout + Vin)- L is the upper leg length and I;; lower leg length.

Using figure we can determine the distance between the origin of frame
2 and frame 5 [, from p3.

le = /12 +12 (2.41)

We check if the foot position is kinematically feasible here by making sure
l. is less than the upper leg length [;, plus the lower leg length [;;. Using the
rule of cosines we can now find v,

P4+

TR ) (2.42)

Vi = arccos(

Yout 1s found by using the properties of a right triangle
Your = atan2(lp, l,) (2.43)

Finally the hip pitch angle g3 is

a3 = —(Yout + in) (2.44)

Knee angle The knee angle is found using the rule of cosines and the geometry
defined in [2.4]

2412,

2.4
DT (245)

Qknee = ™ — arccos(

16



Ankle pitch and roll By multiplying the rotation matrices of the hip yaw,
hip roll, hip pitch and the knee together, we get the orientation of the frame
before the ankle pitch joint, frame 5. Because the ankle roll and ankle pitch in-
tersect, we can easily determine the ankle angles to get to the desired orientation
of frame 6 (the foot).

R? = R.(q0)Ra(q1)Ry(02)Ry (g3) (2.46)
R; = (RY) 'R} (2.47)

From the rotation matrix Rg we extract the yaw-pitch-roll Euler angles using
[11].

Ppiten = atan2(~R3(3,1), \/R(1,1)2 + R§(2,1)?) (2.48)
RJ(2,1) R3(1,1)

COS("‘pitch) ' COS(Tpitch)
RJ(3,2) RJ(3,3)

COos (Tpitch) ' COS(Tpitch)

Tyaw = atan2(

(2.49)

Tron = atan2( (2.50)

Where RZ(i, j) is the element at the i*" row and the j** column of RR.

Note that 744, should equal zero because there is no degree of freedom in
the yaw axis in the ankle.

The resulting ankle angles are

qa = Troll (251)
45 = Tpitch 252)

Inverse velocity kinematics

Using the Jacobian, not only can we find the twist between the root body and
an arbitrary body, we can also use it to find desired joint velocities given a
desired twist.

q=J7t'7° (2.53)

However, if the Jacobian is singular it is not possible to invert the matrix
and there is no solution. An example of a singular configuration of the leg would
be any situation where the knee is stretched. Physically, this means that it is
not possible to produce an arbitrary velocity of the foot. We would like to find
a set of joint velocities § that minimizes the error e = ||J;§ — T,"°|| between
the actual twist of the foot and the desired twist 7°°. At and near singular
configurations, the desired joint velocities in ¢ will be very large to minimize
the error e. Proposed in [16], large joint velocities can be balanced against a
large residual error by minimizing the sum

1956 = T3 + o2 (2.54)
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Where « is the dampening parameter. The sum in [2.54] can be written in

matrix form as
Jil - TQ’O
] a-{"% | (2.55)

and the unique set of joint velocities that minimize g, is given by

= J'L * TZ»O’O _ (JTJ +a21)—1JTT0,0 (2 56)
qa - O[I O - 7 (2 i i .

This technique is referred to as the damped least squares pseudo inverse.
By using the approximation g, large joint velocities are avoided, but near sin-
gular configurations the desired joint velocity becomes zero. This can become
problematic if very high feedback gains are used for the desired joint velocity
in comparison to the feedback gains for the joint position. The desired joint
velocity will be low or zero, while in order to accurately track a desired foot
trajectory the velocities have to be quite large.

2.3 Conclusion

We have implemented a general framework to calculate the forward kinematics of
the robot, which allows us to easily request the position of any part of the robot
as function of the joint angles. This framework is not dependent on a particular
configuration of joints in the leg and can easily be adapted for different robots.

The algebraic inverse kinematic solution allows a quick and accurate cal-
culation of the desired joint angles as a function of the desired foot position.
However, this solution is dependent on the configuration of the robot leg and is
not general to all robots. For new robot designs, it is advised to have the joint
axis in the hip intersect such that a full solution to the inverse kinematics is
possible.

Desired joint velocities can be found from the desired foot velocity using the
Geometric Jacobian and the usage of the Damped-Least-Squares pseudo-inverse
guarantees that numerical issues around singular configurations are avoided.
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Chapter 3

Capture Point estimation

3.1 Introduction

Our controller has to accurately position the foot on the capture point while
taking the passive dynamics of the leg into account. To control the swing leg
such that it steps on the capture point we first need an accurate estimate of the
capture point of the robot with respect to the world.

To determine the capture point, we model the robot as a 3D inverted pendu-
lum. This allows us to quickly calculate the instantaneous capture point (iCP).
The iCP is defined as [I]

The point on the ground that enables the system to come to a stop
if it were instantaneously place and maintain its point foot there.

The instantaneous capture point can be calculated from the position and
velocity of the center of mass (CoM) using

. T
Tie = Pr + — (31)
wo
Where r;. is the location of the capture point, P = é g §, r is the location
of the center of mass and wy = 4 /% with zg the height of the CoM and g the

gravity constant.

However, it is not possible to instantaneously place the foot on the robot
on an arbitrary point. That means that the instantaneous capture point is not
necessary a capture point. The dynamics of the iCP as function of time are
given explicitly by [I]

ric(At) = [ric - rankle]ewOAt + Tankle (32)

The capture point is given by the location of the iCP at time At, where At
is the desired step duration. If the robot steps on that point the CoM of the
robot will come to a rest above the step location.

In this chapter we will describe how to find the CoM state necessary to
calculate the instantaneous capture point and the capture point at time t.
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3.2 Center of Mass Position

The center of mass of the robot is a linear combination of the center of mass
position of all rigid bodies. Given two rigid bodies with masses m; and msy
and a center of mass location p},,, and pZ,,,, the combined center of mass
Por combinea Of these two bodies expressed in frame 0 is

0,1 0,,2
pO . = mlHlpCoM + m2H2pCOM (3 3)
CoM,combined my + ms

Using this formula recursively, we can find the center of mass of the robot
Do robor DY combining the center of masses of the 7 individual rigid bodies in
O(n) using 3.4

miHOpE, + moHOpE A+ -+ m Y i+ m HOpl
my+mg+ - M My

0
pCoM,v"obot =
(3.4)

3.3 Estimating Center Of Mass Velocity

3.3.1 Sensor data

TUlip has two (sets) of sensors that can deduct the velocity of the pelvis, the
inertial measurement unit (IMU) and the pelvis velocity kinematics. To improve
the velocity estimation, we combine the data from both sensors. We can use the
body velocity kinematics to find the bias of the IMU, compensating the drift
due to the integration of the accelerations.

Inertial Measurement Unit TUlip has one XSens Inertial Measurement
Unit (IMU) on its pelvis. The IMU consists of three sensors, a 3-axis accelerom-
eter, a 3-axis gyroscope and a 3-axis magnetometer. Internally, the IMU uses
the output of these three sensors to estimate its orientation in the world. In-
tegration of the accelerations in time gives an estimate of the velocity, however
due to sensor bias and errors in the numerical integration the velocity found us-
ing integration will drift in time. Another disadvantage is that accelerometers
tend to display a significant amount of sensor noise. For information how we
have configured the XSens, see appendix

Pelvis velocity kinematics Assuming the stance foot is stationary on the
ground and does not slip, the foot frame is stationary with respect to world and
we can determine the pelvis velocity with respect to the world using the Jacobian
defined in equation First we calculate the twist Tg 0 using equation
We can transform this twist to the pelvis velocity with respect to the foot, Tj "
by negation of the twist [17]

TS = 70" (3.5)

To accurately combine the pelvis velocity kinematics with the data from
the IMU we define a new frame called the IMU frame, which has a constant
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offset from the pelvis frame. Using equation we change the frame Tg 6 s
expressed in to the IMU frame

TOUVIU’6 = AdHéAlU TS’G (36)

As long as at least one foot is fixed with relation to the ground, the cal-
culated velocity of the pelvis depends on the accuracy of the measured joint
angles. However, during walking the foot might slip or rotate with respect to
the ground making the calculation of the pelvis velocity using only the joint
velocities unreliable.

3.3.2 Kalman State Estimation

We use a Kalman state estimator to fuse the two measurements of the upper
body velocity together. We assume the velocity along the three axis (x, y and
z) is decoupled. The velocity along the z-axis is not used in the control of the
robot. Therefore, we use two separate velocity estimators, one for the velocity
along the x-axis and one along the y-axis. The internal state of the velocity
estimator consists of two variables, the current velocity of the pelvis v[n] and
the acceleration sensor bias b[n].

= 3] o

The input of the system is the current acceleration of the pelvis a[n], as
measured by the accelerometer in the IMU

un] = [a[on]] (3.8)

The system dynamics are modeled as

x[n] = Fx[n — 1] + Bu[n] + wn] (3.9)
where
e the state matrix F = F _At}
0 1
e the input matrix B = {Aot 8]

e the process noise, modeled as a normal distribution with a covariance of
Q and zero mean w(n] ~ N(0,Q)

At each time step n, a measurement z[n] is taken of the internal state x[n]

z[n] = Hx[n] + v [n] (3.10)
Where

e the observation model which transforms the internal state to the measured
state, H = [1 O]
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e the measured velocity v,[n]=[0 0 0 1 0 0] TMYS for the sagittal
plan and v,[n]=[0 0 0 0 1 0]T IMUS for the coronal plane

e the observation noise, modeled as Gaussian noise with a covariance of R,
v[n] ~ N(0,R)

The Kalman filter consists of a prediction and an update step.

Prediction During the prediction step, the measured acceleration is used to
update the internal state %[n] and the predicted error covariance P[n]. The esti-
mated error covariance P[n] is determined in the update step, and is initialized
to 0 at the first iteration.

[n] = Fx[n — 1] + Bu[n] (3.11)
[n] = FP[n — 1] + Qn| (3.12)

eIl

Update During the update step the prediction of the internal state is com-
bined with the current observation of the true system state to improve the
estimated system state. First, the measurement residual y[n] and the residual
covariance S[n] are determined

y[n] = v [n] — HX[n] (3.13)
S[n] = HP[nJH' + R[n] (3.14)

Using the residual covariance the optimal Kalman gain K[n| can be deter-
mined

K[n] = P[n]JH ' S[n] (3.15)

Using the optimal Kalman gain, we update the internal state estimate x[n]
and the estimated covariance P[n]

x[n] = x[n| + K[n]y[n] (3.16)
Pn] = (I - K[nJH)P[n] (3.17)

The estimated velocity of the pelvis v is

v=1[0 1]x[n] (3.18)

Noise estimation

The matrix Q[n] and R[n] are the process and measurement noise respectively.
For the velocity estimation, we assume that the noise is time-independent.
The process noise Q is the covariance matrix of the measured acceleration
an, and the accelerometer bias. We assume that the measured acceleration and
accelerometer bias are linearly independent. The maximum accelerometer bias is
given as € = 0.02ms ™2 in the XSens documentation. The variance, or expected
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Figure 3.1: Measurement of the raw accelerometer data a,, from the XSens and
the velocity of the pelvis calculated with pelvis velocity kinematics v,,. Both
signals where recorded while the robot was suspended in the air with all joint
stationary.

squared deviation, is €2. Sampling at every ¢t = nAt requires the individual
covariances to be multiplied by At?.

Var(a,) O] (3.19)

= At?

Q |: 0 62
The measurement noise is the variance of the velocity found using the pelvis

velocity kinematics vy,.

R = Var(vy,) (3.20)

To determine the variance of a.,, and v,,, we logged both signals for 10
seconds. During these 10 seconds, the robot was suspended in the air, the joints
were stationary and motor power was off. The results of this measurement in
the sagital plane are shown in figure [3.1]

The variances of a,, and v, in the sagittal plane are

Var(a,,) = 0.2455 - 1073 (3.21)

Var(v,,) = 0.1016 - 10~* (3.22)
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3.3.3 From IMU velocity to CoM velocity
T'world,world

The CoM twist with respect to the world expressed in world, T, de-

pends on the CoM twists of all rigid bodies. Defining ngﬁi’wo”d as the CoM
twist of body 7 with respect to the world, expressed in world, we can calculate
the total center of mass twist of z rigid bodies using

z world,world
Tworld,world _ Zi:o(miTCoM,i ) (3 23)
CoM Z?:O m;
However, finding the twists of each individual body with respect to world
requires an accurate velocity estimation for each rigid body CoM. We have
chosen not to derive the individual CoM velocities and instead approximate the

center of mass velocity. This approximation consists of two parts

e Compensation of rotation around the IMU using a linear model

e The difference between the pelvis velocity and the CoM velocity using
differentiation of the CoM position

Compensation of rotation around the IMU using a linear model Al-
though care has been taken by placing the IMU near the Center of Mass of
the robot, there is an offset between the CoM location and the IMU location.
Therefore, any rotational velocity of the IMU will result in a linear velocity of
the CoM. For simplicity, we use a very simple model to describe the relation
between the rotational velocity of the IMU and the velocity of the CoM.

TCoM = Timu — Cuw,y Wy (324)
fCoM = yzmu + Cuy W + Cow, ,yWz (325)

Where rcon and roons are the estimated velocities of the CoM on the x-
axis and y-axis respectively, Z;mqy and ¥im, the velocities of the IMU estimated
using the Kalman filter on the x-axis and y-axis respectively and w,, w, and
w, the rotational velocities measured by the IMU around the x, y and z-axis
respectively.

The coupling factors, Cuy iy Cwy,y a0 €y, describe the relation between the
rotational velocity of the IMU and the CoM velocity. The values of the coupling
factors are the respective distance between the IMU and the CoM when all joint
positions are zero. For TUlip, the values are

Cwy,a't =0.19
Cwmy =0.0
Cuw,.5 = 0.085

Center of mass velocity expressed in the IMU frame The CoM of the
robot moves with respect to the IMU. For example, imagine the robot rotating
its leg outward, moving its feet to the side. The CoM will move due to the leg
being extended. To find the CoM velocity, we differentiate the position of the
CoM in the IMU frame. To reduce the noise of this differentiation, we filter
the resulting velocity with a 20H z low pass Butterworth filter. The resulting
velocity is added to the estimated velocity of the IMU.
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3.4 Conclusion

We estimate the instantaneous capture point location by modeling the robot as
a Linear Inverted Pendulum. To calculate the iCP, we need the CoM position
and velocity. The CoM position is straightforward to calculate given the trans-
formation between the rigid bodies. A Kalman filter is used to find an accurate
estimation of the pelvis velocity, which is then transformed to the CoM velocity
using coupling factors to compensate for the rotation of the pelvis with respect
to the Center of Mass. Using the dynamics of the iCP we can determine a
suitable capture point to place the feet of the robot to come to a standstill.
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Chapter 4

Model Predictive Swing
Controller

4.1 Introduction

To successfully control the swing leg for push recovery using capturability, the
swing controller has to meet the following requirements

e Accurately place the foot at the desired step location in the given time.

e Handle unexpected changes in the desired step location during the swing.

Controlling the foot position in Cartesian coordinates gives us a very flexible
approach with respect to the foot motion. However singular configurations, such
as a stretched knee, result in joint velocities that exceed the maximum velocity of
any actuator for certain motions of the foot. Near singular configurations, joint
velocities and accelerations necessary to execute certain motions become very
high. To avoid this, our controller describes the joint trajectories as function
of joint angles, velocities and accelerations. The corresponding foot position is
calculated using forward kinematics.

To handle unknown changes in step location, as well as disturbances, we
propose to use a non-linear model predictive controller (NMPC). A basic NMPC
controller consists of the following steps.

1. Measure the current system state.

2. Minimize a given cost function over a finite prediction horizon to find
optimal input signals to the system.

3. Apply the first part of the optimal input signal.

4. At the start of the next control tick, continue with step 1.

We assume that the state of the robot is known at every moment in time.
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Figure 4.1: Motion of the pelvis of the robot during the step. The location of
the desired step location with respect to the upper body changes during the
step, because the pelvis moves forward.

4.2 Predicting final desired swing location

The design of the walking controller of M2V2 and TUlip splits the control in
two parts

e Balance controller

e Swing leg controller

The balance controller keeps the robot upright and controls the location of
the instantaneous capture point, while the swing controller controls the swing
foot location. The position of the swing foot is a function of the pelvis location,
which changes during the swing motion.

In order to parametrize the joint trajectories, we require the desired joint
angles and angular velocities at the end of the step. During the swing, the upper
body moves with respect to the stance foot. See figure 4.1

The transformation between the desired step location, called ds, and the
pelvis location at the end of the step, called 0 Hgs is a function of the transform
between the current location of the pelvis and the pelvis location at the end of
the step HO.

HY, = HjHY, (4.1)

This means that to accurately calculate the joint angles at the end of the
swing, we need to predict the transformation matrix HY. In the next section we
will describe our pelvis position prediction algorithm.

4.2.1 Predicting the pelvis position at the end of the step

To predict Hg, we first model the dynamics of the robot using a simple model.
The next step is to use the robot model to predict the translation between the
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Figure 4.2: 2D Linear Inverted Pendulum Model (2D-LIPM)

current pelvis position and the pelvis position at the end of the step. Finally,
we use the predicted translation to return HY.
Modelling the robot dynamics

The dominant dynamics of a bipedal robot with one leg on the ground can be
modeled by an inverted pendulum connecting the ground contact point with the
center of mass [I8]. A widely used pendulum model to control bipedal walking
robots is the Linear Inverted Pendulum Model (LIPM) [I8] 19} 20]. The LIPM
model, shown in figure is based on the following assumptions [19]

e All mass is concentrated in a point mass corresponding to the CoM of the
robot.

e The center of mass is at the constant height z..
e There is no torque at the base joint of the pendulum.

The equations of motion for the LIPM are

miZ=F,—mg=0 (4.2)

mi = F (4.3)

F, _ z

5 (4.4)

mit = ”"ZT (4.5)
P = wr (4.6)

Where w =,/ £. Writing in state-space form yields

0- 12 30

The explicit solution to [£.7] is

r(t)] _ { cosh(wt)  w™! sinhw)] [r<0>] (4.8)

7(t) w sinh(wt) cosh(wt) 7(0)
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Predicting the pelvis translation

The dynamics of the LIPM are decoupled so we can calculate the position of the

pelvis separately in the sagittal and coronal plane. The position of the pelvis

0
x
O = |4°| can be found using the forward kinematic model and the velocity of

20

p

0

0

T
the pelvis p° = |9°| is found using equation |3.18

30

The estimated pelvis position at time ¢ in the sagittal plane, 29(¢), is found
using equation with 7(0) = 2% and 7#° = 2% 1In the coronal plane the
estimated pelvis position at time ¢, y2(t) can be calculated using the same
equation [4.7] with r(0) = y° and 7(0) = °.

The transform HY becomes

1 0 0 2904

o_ [0 1 0 yt)

Ho=1o 01 0 (4.9)
000 1

~ With this transformation matrix, we can calculate the transformation matrix
Hg—s and use that in combination with the inverse kinematics calculator to find
the desired joint angles at the end of the step.

4.3 Joint trajectory parametrization

The swing leg consist of six individual joints, namely hip yaw, hip roll, hip pitch,
knee, ankle pitch and ankle roll. During the swing motion, the rotation around
the z-axis (yaw) of the leg is relatively small and the inertia of the leg around
the z-axis is low when the leg is near a straight-down configuration. Besides
that, the foot of the robot has a small inertia relative to the rest of the leg. By
excluding the hip yaw and ankle trajectories from the optimization we reduce
the complexity and decrease the computational cost. Instead, we interpolate
the joint angles of the hip yaw, ankle pitch and ankle roll using a quintic spline.

The trajectories of the hip roll, hip pitch and knee are then split in n sections
with a constant acceleration. The input to our cost function is the acceleration of
the joint at any section on the joint trajectories. By using the joint accelerations
at each section, we are able to determine the joint position and velocity at any
section and the final joint angle g[n] and velocity ©[n| is given by the following
relation

iln) = dlo)+ Y dtar (4.10)
n—1 n

al) = al0] + 3 dildT + 3 il (4.11)
=0 i=1

Where dT is the time taken for each section, or % with ¢ the remaining swing
time.
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For the three joints, we write down the state vector at time step ¢ as

q1 [i]
qi] = | g2[d] (4.12)
qsli

The vector of the joint accelerations at all time steps is

a=1[q0] q[1] ... drn-1 d&n-—2] (4.13)

4.4 Cost function

The goal of the model predictive controller is to generate a swing motion that
minimizes actuator effort while accurately placing the foot on the desired step
location. To describe actuator effort, we can employ several criteria

1. Minimum torque, see section [£.4.1]

2. Minimum torque-change, see section

Assuming there is no regenerative braking, we are interested in the absolute
value of actuator effort for every constant acceleration section. Therefore, we
write the optimization problem as a sums-of-squares problem

n

f@) =>" e(alil,ali, ali) "e(ali, ali, ali) (4.14)

i=1

Where c(q][i], q[i], q[¢]) is the optimization criterion.

4.4.1 Minimum torque

A minimum of joint torques as optimization criterion reduces the maximum
torques required for the swing motion. Using an accurate dynamic model of the
robot we can calculate the desired joint torque at each section of the trajectory
using

7(ald], g, 4[i]) = M(q[i])d[i] + C(qli], 4li]) (4.15)

Where M(q) is the inertia matrix of the system and C(q,q) encompasses
the Coriolis forces and gravity. The optimization criterion for minimum torque
is

c(alil, ald, 4[i]) = 7(alil, ali, 4[i) (4.16)

4.4.2 Minimum torque change

A minimization of the torque-change limits the bandwidth requirements of the
actuator. The torque-change optimization criterion is the difference between two
consecutive elements of the torque vector 7(q[n], q[n], q[n])[¢]) found in

c(alil, ali], ali) = 7(ald], al, 4i]) — 7(ali = 1], q[t = 1],4[i = 1])) ~ (4.17)

30



4.5 Optimization algorithm

There are only a few high-quality optimization packages available in Java for
minimizing the sum-of-squares optimization problems. The one we have chosen
to use is a Java port by the Forest Service of the US Department of Agriculture of
the FORTRAN package MINPACK [21I]. MINPACK implements the Levenberg-
Marquardt algorithm for unconstrained non-linear systems and has the ability
to numerically evaluate the Jacobian of the cost function as well as using a
provided (analytical) Jacobian of the cost function E| [22].

The Levenberg-Marquardt algorithm interpolates between a gradient decent
and the Gauss-Newton method. It is more robust than the plain Gauss-Newton
method and can find an optimal solution even if the initial conditions are far
from the optimum.

4.6 Constraints

There are various constraints on the swing leg that must be met during the
swing motion. These are

e The final joint angles and velocities of the swing leg should equal the
desired joint angles and velocities, see section [4.6.1

e The joint angles, velocities and torques should not exceed their respective
limits, see section |4.6.2

e The foot cannot hit obstacles or the ground before the end of the swing,
see section [4.6.9]

We incorporate the constraints by rewriting the cost function such that it is
unconstrained. This allows us to use an unconstrained optimization algorithm,
giving us a large amount of optimization algorithms and implementations to
choose from.

4.6.1 Final joint angles and velocities

The final joint angles and velocities are a linear combination of the accelerations
of each section in the trajectory as given by equation [£.11] and [£.10] Therefore
we can write down the constraint on the final joint angles as a linear equality
constraint. For one joint, given the final desired joint angles g[n] and velocities
G[n] we can write the equality constraint in the form Ax =b

g[1]
2]
T dr . dr dr ,
dT?(n — 1)+ 3dT? dT?*(n—2)+ §dT? ... dT?+ LdT? ;dTQ}
Gln — 1]
[n]
(4.18)

1The Jacobian of the cost function is distinct from the geometric Jacobian from the kine-
matic model. See E for the definition.
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Using a simple trick [23], we can rewrite the cost function such that the
optimization problem becomes unconstrained. We optimize f(§) by allowing
d[1] to {[n — 2] to vary freely, and we can determine §[n — 1] and §[n] from
Using the desired angle ¢[n] and angular velocity ¢[n] we can determine §[n — 1]
by the following relation

qln — 1] = q[n — 2] + ¢[n — 2]dT + %ij[n— 2)dT*? (4.19)
qln] = qln — 1] + ¢[n — 1]dT + %d[n — 1]dT? (4.20)
gn] = afn — 2] + 44T, 3dl S 24T | din — 2)ar? (4.21)

i —1] = q[n] —d;[;l -2 g[n] +2?:qu[n —2| (4.22)

The velocity constraint is used to determine §[n]:

d[n) = d[n — 2] + dn — 1)dT + §[n)dT (4.23)

.. gln]  ¢n—2] .
[n] = ar dr g[n —1] (4.24)
(4.25)

By making the last two accelerations in the trajectory depend on the pre-
vious accelerations, we can treat the optimization problem as unconstrained
concerning the final desired joint angles and velocities.

4.6.2 Joint position, velocity and torque limits

Joint angle limits are introduced with a linear contact model. For the minimum
torque and minimum torque-change optimization criteria we add an extra torque

as in equation [4:26]

7[n] = Kp(gmaz[n] — g[n]) + Ka(0 = ¢[n]), if g[n] > gmaaz(n]
Tln] = { 7[n] = Kp(@min[n] — q[n]) + Ka(0 — ¢[n]), if q[n] < gmin[n] (4.26)
7[n], otherwise

Where K, is the stiffness of the limit stop, K4 the damping parameter,
G[n] the acceleration the joint has to exert to overcome the limit stop and 7[n]
the extra torque the joint has to exert to overcome the limit stop. Because
the very high acceleration or force associated with violating the limit stop,
the optimization algorithm will converge to a solution where the joint angle
constraint is not violated.

If velocity and/or torque limits are exceeded during the swing motion, it is
probably because the swing duration is set to be too low. By using a slightly
conservative swing duration, a swing motion optimized for one of the optimiza-
tion criteria should stay clear of any velocity and torque limits. Therefore we
chose to not include any velocity and torque limits in the optimization algo-
rithm, reducing the computational burden and subsequently the time required
to execute the optimization algorithm.

32



4.6.3 Ground clearance

Due the kinematics of the leg, foot height does not map linearly to joint an-
gles. Therefore, the ground clearance constraint is a non-linear constraint. To
include this non-linear constraint in the optimization and write the optimiza-
tion criterion as an unconstrained problem, we use a penalty function for the
ground clearance. Assuming a linear ground contact model, when the foot hits
the ground a large reaction force will occur on the foot. Using the forward kine-
matics model, we can calculate the distance between the foot and the ground
hfoot(d), as well as the foot velocity vsooi(q,q). The penalty for violating the
ground clearance constraint is written as an upward force acting f[n] on the
foot, according to

0
0 . if hyoot(g[n]) <0
0= Lehon (@) — Bvgoon(aln). ) (4.27)
o o o if R oo (aln]) > 0

Using the Jacobian from the hip roll to the knee expressed in ankle roll
frame Jfll’?’(q)7 we can determine the contribution of the ground reaction force
on each joint using the Jacobian transpose. The extra joint torques required to
counteract the ground reaction force thus become

7[n) = —J7% (@) "f[n] (4.28)

The extra joint torque 7[n] is added to the cost of the trajectory as defined
in section [£4] If the foot violates the ground contact constraint, the joint
torques to execute the trajectory become very large and the cost to execute the
trajectory is increased. If K, is large enough, the cost to violate the ground
contact constraint is much higher than the cost to avoid it and the optimization
algorithm will converge to a solution where the ground contact constraint is not
violated.

4.7 Jacobian of the cost function

The Levenberg-Marquardt algorithm requires Jacobian of the cost function. The
Jacobian J. is defined as the first order partial derivatives of the optimization

criterion c(q, q, q) with respect to the acceleration vector q

g, = 2499 (4.29)
09
There are two ways to determine the Jacobian, an analytical and numerical
approach.
The advantage of the analytical approach is that it can be much faster than a
numerical evaluation. Given the equations of motion of the swing leg (equation
, the derivative of the equation of motion at n = 1 is given by

= M(q[0]) (4.30)



Evaluating just the mass matrix is less expensive than three evaluations of
the equation of motion. However, at n = 2, the angle ¢[1] and the angular
velocity ¢[1] are dependent on ¢[1]. Assuming the initial velocity g[1]] is zero,
the corresponding joint torques at n = 2 become

r[2) = M(a[1] + Ja1P)a2] + Clall] + sa[aT>,a)ar)  (431)

The corresponding derivative is now a lot more complex

or[2] oM oq[l] . 0C 0q[1] 9C 9q[1] (4.32)
942 0q 94[l] = 9q 94[1] 9q 0g[1] '
This requires us to find derivatives of the M(q) and C(q, q) matrices. Find-
ing these derivatives is time consuming and depends on order of the joints in
the robot leg, making the optimization algorithm less general. The second rea-
son not to pursue an analytical solution is that the computational complexity
approaches or even exceeds evaluating the cost function once for each variable.

4.8 Initial values

At the beginning of the step, all unconstrained accelerations are initialized to
zero as the starting point for the optimization algorithm.

4[] =0 (4.33)

Each subsequent step, the desired acceleration vector from the previous time
step is used as a starting point for the new optimization, with all values shifted
one position to the left.

dn —1] = q[n] (4.34)

Using the result of the previous optimization as the starting point reduces
the amount of iterations necessary to converge to the minimum, decreasing
computational cost. This allows us to stop the optimization routine when the
optimization algorithm takes longer than the allotted time to converge. In the
next step, fewer iterations are necessary to reach the minimum.

4.9 Numerical considerations

The linear equality constraint on the accelerations guarantees the resulting foot
trajectory reaches the desired step location. However, even a small position
error between the desired joint angle and the current joint angle can lead to
very high joint accelerations if the remaining swing time is low. Not only are
these high accelerations infeasible, they also lead to an unstable system that
oscillates around the desired joint angle. Our solution is to define a minimum
remaining swing duration. The minimum remaining swing duration is chosen
such that the system does not oscillate when keeping the foot at a constant
location.
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4.10 Computational considerations

The computational complexity of the algorithm depends on several factors. The
most important are:

e Number of function evaluations

e Cost to derive the Jacobian

For minimum torque and minimum torque change the computational com-
plexity consists of calculating the accelerations for all sections from the linear
constraint and consequently evaluating the dynamic model for each section. The
majority of the time is spent evaluating the dynamic model.

The number of function evaluations is dependent on the optimization algo-
rithm, the number of variables, the distance between the initial conditions and
the optimal solution, and the shape of the cost function. For the Levenberg-
Marquardt algorithm, about n® arithmetic operations are needed to process
each evaluation of the cost function, where n is the number of variables. To ap-
proximate the Jacobian, n function evaluations and mn? arithmetic operations
are necessary, where m is the number of outputs. The time to evaluate the cost
function will generally determine the total execution time [22].

The computational cost of the cost function heavily depends on the compu-
tational cost of the inverse dynamics algorithm. The inverse dynamics algorithm
has a computational complexity of O(n), where n is the number of joints [I3].
The inverse dynamics algorithm is executed once for each constant acceleration
section.

The time the optimization algorithm takes is minimized by reducing the
number of joints trajectories to optimize and by using a course trajectory with
only a few constant acceleration sections. Reducing the number of joints that
are optimized from six to three reduces the time taken for the optimization by
a factor of approximately two. A course solution is suitable to use in a Model
Predictive Controller, because the optimization algorithm is re-evaluated every
control tick such that even a course solution results in a smooth trajectory.

4.11 Conclusion

Within the proposed framework, we can easily change out different cost func-
tions. We have implemented two different cost functions that strive to minimize
the actuator effort, namely minimum torque and minimum torque change.

A parametrization of the trajectory using accelerations allows the usage of
a linear equality constraint to guarantee the optimization will always converge
to joint trajectories that bring the foot to the desired step location.

A linear ground contact model provides an elegant way to penalize ground
contact in the torque/acceleration framework.

Evaluating the Jacobian analytically would not give a large computational
benefit to a numerical approximation while using an analytical Jacobian reduces
the flexibility to use the optimization on other leg configurations. Computa-
tional considerations require us to keep the number of constant acceleration
sections to a minimum.
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Chapter 5

Minimum jerk controller

The swing controller we have introduced uses a lot of computational effort.
This necessitates the use of an off-board controller running on one of the fastest
computers available on the market. A high bandwidth, low latency link is
required between the robot and the controller, making a wireless connection
infeasible. If we want to run one of the robots completely autonomously without
a tether, this makes the usage of this controller impossible for now. Therefore,
we introduce a second controller with a much lower computational effort, which
minimizes joint jerk using spline interpolation of the joint angles to be used on
autonomous humanoids with less available computing resources.

5.1 Trajectory parametrization

The mapping from a foot position in the pelvis reference frame to the individual
joint angles is given by the inverse kinematics solution, described in section[2.2.2]
Using the method described in to get an accurate estimate of the body
position at the end of the step, we can calculate the joint angles corresponding
to the desired step location. Given the joint angles and the joint velocities
corresponding to the desired step location, we can describe the foot trajectory
as a function of all joint angles. Because the actuators have finite bandwidth,
the joint jerk, the derivative of accelerations, has to be finite. Furthermore, the
initial position, velocity and acceleration as well as the final position, velocity
and acceleration of the joint is fixed. This means six constraints. A 5" order
(quintic) polynomial provides an interpolation between those two points that
does not violate any of those constraints. For the derivation of the quintic spline,
see appendix [C]

However, there is an extra constraint on the foot position. The foot should
stay clear of the ground at any point in the trajectory. To allow an extra degree
of freedom, we chose to employ a quintic spline. By adding extra points between
the initial and final angles, we allow freedom in choosing the trajectories, while
still having a finite jerk and ending up at the desired step location. This allows
us to determine the foot trajectory by choosing suitable knot points.

Knot points in the joint space trajectory can be mapped to the foot position.
We can also look at it the other way, multiple desired foot positions during the
swing can be mapped to the knot-points of the trajectory. The intermediate
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Foot Height

Foot Position

Figure 5.1: Resulting foot trajectory with one via-point. The ground is shown
as a green line. Note that the final trajectory violates the ground clearance
constraint.

desired foot positions are called via-points [24]. For an example of how the
resulting foot trajectory will look using one via-point, see figure Note that
ground clearance is not guaranteed and depends on the position and number of
via-points.

5.2 Choosing the Via-Points

To minimize the control effort necessary to track the trajectory, we chose to
apply only one via-point. In figure the placement of the via point is shown.
A line is drawn between the current swing foot location and the desired step
location. A 2 cm long line segment is drawn perpendicular to this line, facing
away from the stance foot. The via point is placed on end of this perpendicular
line. By moving the via-point away from the stance foot, we add extra clearance
between the two legs, decreasing the likelihood of collisions between the feet.

5.3 Adjusting the trajectory

The angles corresponding to the via-point and desired step location are calcu-
lated using the inverse kinematics solution and an estimate of the pelvis posi-
tion. However, the estimated pelvis position is based on a simple model and is
updated continuously throughout the step. If we were to track the joint trajec-
tories calculated at the beginning of the step, we would not reach the desired
step location.

A straightforward solution would be to calculate a new via-point and a cor-
responding set of joint trajectories every control tick. However, the requirement
that the foot has to pass the via-point and reach the desired point results in
very high desired joint accelerations in practice. This happens when the foot is
near a via-point and the velocity vector of the foot does not point directly to
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Figure 5.2: Via point placement on the ground. A line is drawn between the
swing foot and the desired step location. The via point is placed on a line
perpedicular to this control line, facing 2cm away from the stance foot.

the via-point, a very high acceleration is needed to move the foot trough the
via point. See figure [5.3] for a graphical representation.

To avoid these high accelerations, we first define a new reference frame named
the stance foot ZUp frame. This frame has the z-axis pointing towards the toe
of the stance foot and the z axis facing straight up in the opposite direction of
gravity. The origin of this frame is the same as the origin of the stance ankle
roll frame. During the swing motion this frame will stay stationary with respect
to the world, assuming no slip of the stance foot. At the beginning of the step,
we store the location of the via-point in the stance foot ZUp frame as well as
the current joint angles, velocities and accelerations. During each control tick,
the updated estimate of the pelvis position at the end of the step is used to
calculate the joint angles corresponding to the saved via-point and desired step
location. New joint trajectories are constructed from the saved angles at the
beginning of the step, the angles corresponding to the via-point and the desired
angles. These trajectories will only deviate slightly from the trajectories used
for the previous control tick. Feedback control on the individual joints is used
to compensate for the difference between the old and the new trajectory.

5.4 Trajectory tracking

The usage of quintic splines to describe the joint trajectories gives us a position,
velocity and acceleration profile for each joint. We use a control strategy pro-
posed by Craig [I1] to accurately track the joint trajectories. The joint torque
corresponding to a desired acceleration can be calculated using inverse dynam-
ics, also taking into account the gravity working on the individual links. By
choosing the desired acceleration to be the control output of the system, we can
use the following PD controller to accurately control all joints

Ga = G¢ + kp(‘]t - Qa) + kd(dt - Qa) (5'1)

Where §g is the desired joint acceleration fed in to the inverse dynamics cal-
culator, q¢, ¢; and ¢; are the joint position, velocity and acceleration calculated
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Figure 5.3: High desired joint acceleration due to the knot point laying close to
the current joint angle. Notice the log scale.

from the joint trajectory, respectively and ¢, and ¢, are the actual joint position
and velocity, respectively.

5.5 Conclusion

We introduced a second controller that guarantees smooth joint trajectories at
a much lower computational costs than the model predictive controller. The
drawback of this controller is that ground clearance at the beginning and the
end of the trajectory is not guaranteed, making it possible that the feet will
scuff the ground. Another drawback is that the controller cannot handle large
changes in desired step location.
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Chapter 6

Implementation

The control algorithms are tested in simulation before being run on the real
robot. With the exception of the Kalman filter and the inverse kinematics, the
control algorithms are all developed for and tested on M2V2. In this chapter
we describe the simulation environment and the implementation of the control
algorithm on the physical robot.

6.1 Simulation environment

A full dynamic simulation of M2V2 is available. The simulation is built on top
of Simulation Construction Set (SCS) [25] and both the simulation environment
and the controller are written in the Java programming language.

Joint accelerations are calculated from the desired joint torques using Feath-
erstone’s articulated rigid body algorithm [I3]. A fourth order Runge-Kutta
integrator with a 0.1 ms step size is used to simulate the motion of the robot.
The ground contact forces are determined using a spring-damper ground con-
tact model. Ground contact occurs between a fixed ground contact point on the
feet and a ground surface z = f(z,y). The simulation gives real-time feedback
to the user about the current state of the robot and is able to plot all internal
variables.

The position sensors on the robot are simulated by discretization of the ac-
tual values of the simulated joint angle. The discretization reduces the resolution
of the simulated position sensors to correspond to the incremental encoders on
the robot. The joint velocities are calculated by a numerical differentiation of
the discretized signals.

The simulated actuators are limited by a torque-speed curve to simulate the
behavior of the robot actuators. A low-pass filter is applied to the torque signal
to simulate the limited bandwidth of the real series elastic actuators.

6.2 Control software on the physical robot
The control algorithms for the simulation can be run directly on the robot

using the Robot Construction Set (RCS). RCS is built on top of the Real-Time
Specification for Java (RTSJ) [26] 27] and uses a periodic thread to enable real
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time control. Controllers written for the simulation environment run unchanged
on the physical robot.

Sensor acquisition and the control signals for the motors are done using a
number of ISA cards. ISA is an older bus protocol with a relatively low data
rate, which gives us a maximum loop rate of 666.67 Hz for the low level control.
The computer on the robot communicates with an off-board high performance
computer using standard Ethernet that runs two control loops. One high-level
control loop at a loop rate of 666.67 Hz and the optimization loop for the swing
controller running 6 times slower at 111.11 Hz.

The on-board computer is based on the PC/104 standard and has an Intel
Core Duo L1.2400 processor running at 1.6 Ghz with 2 Gb of memory. The
Ethernet controller provides a 100 Mbps data link to the high level control
computer. The high level control computer has an Intel Xeon X5660 processor
running at 2.8 GHz with 12 Gb of memory.

6.2.1 Computational considerations

Java code is run on the Java Virtual Machine (JVM). Java is compiled into a
platform-independent bytecode that is interpreted by the JVM. Interpretation
of the bytecode is relatively slow compared to traditionally compiled languages
like C++4, because no optimizations are done on the bytecode before execution.
Modern JVMs improve performance by using Just-in-Time (JIT) compilation.
A JIT compiler will optimize and compile frequently executed parts of the code.

Memory allocated by the program is freed by the Garbage Collector when
it is no longer referenced anywhere in the program. Care has to be taken by
the garbage collector to not interfere with the execution of the control loop. In
the next paragraphs we will show how JIT compilation and Garbage Collection
affect determinism of the execution of the code and how we avoid these problems
in our controller.

JIT Compilation

JIT compilation drastically improves the performance of the Java VM [28]. Our
optimization algorithm is computationally expensive and is not fast enough to
run interpreted. Several methods can be employed to guarantee compilation of
the code to meet real-time deadlines at the first control ticks

e Ahead-Of-Time compilation

e Force JIT-compilation by executing it often enough

Ahead-Of-Time (AOT) compilation is available in Websphere Real Time
[29]. Before running the program, it is compiled and optimized by a special
compiler. This improves determinism, however throughput is slightly reduced
because the AOT compiler doesn’t have runtime information about the execu-
tion paths available, in contrast to the JIT compiler.

Initial tests with Websphere Real Time showed that the usage of AOT com-
pilation reduces the execution time by approximately 30%. However, JIT com-
pilation reduces the execution time by a factor of 2 or more. Therefore, we
initialize the control modules by executing them many times using simulated
input data until the execution time is satisfactory.
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Garbage collection

A Garbage Collector keeps track of the memory used by the program and frees
any memory that is no longer referenced anywhere in the program. During a
garbage collection cycle, the Garbage Collector determines if an object is still
used anywhere in the code and if not, frees the associated memory. We can
make the distinction between three types of garbage collectors [30] [31]

e Stop-the-world collectors
e Incremental collectors

e Concurrent collectors

A stop-the-world collector will halt the execution of the program till the
whole garbage collection cycle is done. This can take up to several seconds and
will heavily impact the determinism of the controller. The advantage of the
stop-the-world collector is that it uses the least amount of resources of all three
kinds and has the highest throughput measured over the total lifetime of the
program.

An incremental collector interleaves garbage collection with the execution
of the main program, allowing useful work to be done during a collection cy-
cle. In comparison to the stop-the-world collector, the time taken to perform
garbage collection is increased, reducing overall throughput of the program but
increasing the responsiveness.

A concurrent collector runs in parallel to the main thread and does not halt
the execution of the main thread allowing for the greatest determinism at the
cost of increased resource usage.

For control purposes determinism is more important than throughput, thus
ruling out a stop-the-world collector. If the worst case pause times of the incre-
mental collector are small enough, it can be used for real time control. For the
highest determinism, it is necessary to use a fully concurrent garbage collector.

By avoiding the creation of new objects that are discarded at the end of one
execution of the control loop, we reduce the amount of memory that needs to be
freed and avoid the need to execute a garbage collection cycle. This improves
throughput and makes the controller more deterministic at the cost of reduced
flexibility while programming the controller.

6.3 Conclusion

Using an accurate dynamic simulation of the robot allows us to quickly and
accurately test our control algorithm. Simulated sensors and actuators mimic
the limitations of the Series Elastic Actuators in the real robot.

We develop the control algorithms in Java and run the same code on the
real robot. The Java Real-Time System allows us to run the control loop at a
sufficiently fast rate. Care is taken to reduce the amount of object creation and
discarding in the control loop to reduce the overhead of the garbage collector.
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Chapter 7

Results

The MPC and minimum jerk controllers are compared with the controller de-
scribed in which we will refer to as the foot trajectory controller. Using
the Simulation Construction Set with an accurate model of M2V2 we simulate
different scenarios for the robot. The Simulation Construction Set allows script-
ing of events enabling us to accurately reproduce tasks for the robot in order
to compare the different controllers with each other. For the model predictive
controller, the number of constant acceleration sections and the minimum swing
duration as described in section @9 have to be determined. In section[Z1lwe find
these parameters for the simulation of M2V2. In section [7.2] we will compare
the three controllers using simulations of three different scenarios

e Forward step, see section [7.2.1}

e Forward step with a change in desired foot step location during the swing,
see section [(.2.2)

e Push recovery, see section [7.2.3]

The forward step and forward step with changing step location are performed
while the robot is suspended in the air. These tests compare the performance
of the swing controllers without interference from the balance algorithm. The
push recovery tests the performance of the swing controllers while the pelvis is
in motion.

To show that we can accurately predict the capture point, we have tested
the CoM velocity estimation for the capture point calculation on TUlip. We
will present the results in section

The Oracle/Sun JRTS has a performance hit of about 50% compared to the
normal Java VM, making it infeasible to run the model predictive controller on
the real robot using available computational resources. We think that available
computing power will increase sufficiently in the next 1 to 2 years to enable
successful usage of the model predictive controller on a real robot.

7.1 MPC parameters

The model predictive controller is tuned by two separate variables. The first
variable is the number of constant acceleration sections, which defines the maxi-
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mum loop rate of the model predictive controller. Measurement of the optimiza-
tion time versus the number of constant acceleration sections is given in section
The second variable is the minimum remaining swing time, determined
in section

7.1.1 Number of constant acceleration sections

The number of constant accelerations sections describing the joint trajectories is
the major influence in the total required calculation time and thus determines
the maximum loop rate. Increasing the number of sections results in a finer
grained trajectory and will result in a lower overall cost as defined by the cost
function. The required loop rate of 111.11 Hz, or a time per tick of 9 ms, puts
an upper limit on the number of sections. We simulate two swing motions and
measure the average calculation time per optimization. To account for artifacts
from the JIT compiler and the garbage collector we throw away the data from
the first step. On the real robot, this would be replaced by simulating one step
with dummy data to warmup the optimization routines. For the average time
taken per optimization step, see figure [7.1}

Number of sections || MPC - Minimum Torque | MPC - Minimum Torque Change
3 0.0012 0.0016
4 0.0034 0.0037
5 0.0058 0.0070
6 0.0099 0.011
7 0.014 0.016
8 0.019 0.021
9 0.025 0.026
10 0.041 0.033

Table 7.1: Time taken per optimization step for different cost functions averaged
over 1.6 seconds for 3 to 10 sections with constant acceleration.

With a loop rate of 111.11 Hz, we cannot go above 5 piece-wise accelerations
for any of the cost functions. All further tests are run with five piece-wise
accelerations.

7.1.2 Minimum Swing Duration

As described in a minimum swing time needs to be defined to keep the
maximum accelerations within bounds and keep the controller stable. A lower
minimum remaining swing time results in a lower positioning error at the end
of the swing. However, when the minimum remaining swing time is too small
oscillations occur in the desired output torques and the system becomes unsta-
ble.

To find the minimum remaining swing time, the foot is controlled to hold
a constant position using the model predictive controller. The minimum re-
maining swing time is then decreased until oscillations occur in the desired joint
torques. The minimum remaining swing time for both costs functions is shown
in table [.2]
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Cost function || Minimum time [s]
Minimum torque 0.27
Minimum torque-change 0.25

Table 7.2: Minimum remaining swing time.

7.2 Controller performance

7.2.1 Forward step

Figure 7.1: Initial conditions for the robot for the forward step with the left foot.
The robot is suspended in the air by a force applied to the two attachment points
depicted by a red circle on the robot.

To minimize the influence of the balance controller on the performance of the
swing controller, the robot is suspended in the air as shown in figure and
the balance controller is disabled.

The robot is instructed to make a forward step to a constant desired step
location. After the foot reached the desired step location, it should hold position.
The desired swing duration is set to 0.4 s and the error at the end of the step is
measured at ¢ = 0.7 s. During this test, the right foot is considered the stance
foot and is flat on the ground. The left foot is considered the swing foot. The
initial position of the swing foot with respect to the stance foot p(0) is

—0.20m|
p(0) = | 0.22m (7.1)
0.0m

The final desired position with respect to the stance foot p(0.4) is

0.20m |
p(0.4) = [0.22m (7.2)
0.0m |
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We compare the results of the model predictive controller and minimum
jerk controller with the foot trajectory controller as described in section 1.1
and implemented on M2V2. The simulations are run on the M2V2 model in
Simulation Construction Set. The resulting swing motion is shown as a series
of time-lapsed animations in figure [7.2]

Figure 7.2: From left to right a graphical representation of the state of the
robot for t = 0.0s,t =0.1s,t=02s,t=03s, and t = 0.4 s is shown
for a forward step. The different controllers are shown from top to bottom: a)
MPC - Minimum torque cost function, b) MPC - Minimum torque change cost
function, ¢) Minimum jerk controller, and d) Foot trajectory controller. Note
that the images are mirrored for clarity.
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Actuator torques

The goal of the proposed controllers is to accurately position the foot on the
desired step location while taking advantage of the natural dynamics of the
swing leg. This would correspond to minimal actuator torques during most
parts of the swing. The recorded actuator torques for the cost functions of the
model predictive controller, the minimum jerk controller and the foot trajectory
controller are plotted in figure

The foot trajectory controller exhibits multiple sections of approximately
continuous torque, in comparison with the model predictive controller which
shows an initial torque step followed by a smooth trajectory. Clearly seen in
the graphs is the jagged curve due to the reduced update rate for the joint
torques of the model predictive controller in comparison to the minimum jerk
and foot trajectory controllers. At the end of the swing motion (¢ = 0.35 to
t = 0.4) a large positive braking torque is applied on the hip pitch for the
foot trajectory controller. This will decelerate the foot so it will come to a stop
before the end of the swing motion. The braking torque for the model predictive
controller is much lower, avoiding negative work. The minimum jerk controller
shows higher joint torques in the hip roll which are a result of extra clearance
around the stance leg as described in
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Figure 7.3: Actuator torques of the hip roll, hip pitch and knee for the cost
functions of the model predictive controller, the minimum jerk controller and
the foot trajectory controller.
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Bandwidth

The maximum force control bandwidth of the Series Elastic Actuators is around
40 Hz for M2V2. If the desired torque trajectories exceed this bandwidth re-
quirement, the actuators cannot physically execute the trajectory. In figure
we’ve taken the Fourier transform of the desired torque trajectories for the
three joints. For the hip pitch, we can see that the magnitude of the frequency
components between 10 — 50 Hz is two to three times larger for the foot trajec-
tory controller than the other controllers. The frequency magnitude for both
cost functions of the model predictive controller are comparable for the whole
frequency range. The required actuator bandwidth for the model predictive con-
troller is approximately 30 Hz. The large hip roll magnitude in the frequency
range of 1 — 10 Hz for the minimum jerk controller can be attributed to the
extra required clearance of the swing leg with respect to the stance leg.
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Figure 7.4: Frequency plots of the desired actuator torques as desired by both
cost functions of the model predictive controller, the minimum jerk controller
and the foot trajectory controller.
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Joint trajectories

We recorded the actual joint positions and velocities during the swing motion.
The results are shown in respectively figure and [7.6] At the desired swing
time (¢t = 0.4s) the model predictive controller is close to the desired step lo-
cation, but both the foot trajectory and minimum jerk controllers still have a
relatively large error. When we look at the joint velocities, we see that the
velocity of both cost functions of the model predictive controller are near zero
while the foot trajectory controller still has large joint velocities. This results
in a foot that still has a considerable velocity with respect to the ground at the
end of the swing.
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Figure 7.5: Position of the hip roll, hip pitch and knee for the cost functions
of the model predictive controller, the minimum jerk controller and the foot
trajectory controller.
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Figure 7.6: Velocities of the hip roll, hip pitch and knee for the cost functions
of the model predictive controller, the minimum jerk controller and the foot
trajectory controller.
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Ground Clearance [m

Ground clearance

An important aspect of the performance of the swing controller is the ground
clearance.The ground clearance measured in simulation is shown in figure [7.7]

Ground Clearance

~=MPC - Minimum Torque == MPC - Minimum Torque Change = Minimum jerk controller = Foot trajectory controller

-0.200

-0.175 -0.150 -0.125 -0.100 -0.075 -0.050 -0.025 0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175

Swing foot position [m]

Figure 7.7: Ground clearance of the different controllers as function of the swing
foot position in the sagittal plane.

The ground clearance for the model predictive controller depends on the cost
function. The minimum torque cost function results in a ground clearance that
is almost twice as large as the minimum torque change cost function. Near the
end of the step, both cost functions prefer a motion of the foot that minimizes
the distance between the ground and the foot. The ground clearance for the foot
trajectory controller is more constant during the swing motion, however towards
the end of the step it increases before putting the foot down on the ground.
Because the foot overshoots the desired step location, the heel is planted in the
ground first and the midpoint of the foot cannot reach the ground.

Performance characteristics

The relative performance of the three controllers and two cost functions is com-
pared using four variables

e The peak torque. High peak torques are undesirable due increased actu-
ator wear.

e The sum of squares of the torques during the trajectory.
e Mechanical energy, calculated as Y. _||7dn At

e Error, the absolute positioning error at the end of the step.

A total of nine measurements are done, all starting from the same initial
condition but with a different desired step location p;(0.4), where i is the index
of the measurement. See table for the desired step locations.
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Table 7.3: Desired step locations for performance measurements.

The mean and the standard deviation o of the peak torque, sum of squares
of torques, mechanical energy and step error of 9 executions of the swing with
different desired step locations are tabulated in [7.4 For the peak torque the
highest torque measured in all three joints is taken. The sum of squares of
torques and the mechanical energy is the combined value for all three joints.

Controller H Peak Torque [Nm] () Y72 [Nm?] (o)  Energy [J] (¢)  Error [m] (o)

MPC - Minimum Torque 61.2(10.1) 50130.5(11597.0)  14.4(1.43) _ 0.0109(0.00485)
MPC - Minimum Torque Change 66.0(6.22) 66665.5(6307.54)  11.7(0.956)  0.0315(0.00676)
Minimum jerk controller 62.9(13.4) 123838.0(41633.7) 21.6(4.23) 0.0117(0.00583)
Foot trajectory controller 79.6(0.764) 144094.0(1215.39) 22.3(0.557) 0.0223(0.0014)

Table 7.4: Comparison between the performance of the different controllers and
cost functions for a forward swing. The mean and standard devaition over 9
runs

The Welch’s t-test for sample sets with unequal variances is used to test if
two measurements have a statistical significant difference. A difference between
two values is considered significant if the p-value (p) is less than 0.05.

Compared to the foot trajectory controller, there is a significant (p < 0.01)
reduction in peak torque for the model predictive controllers and the minimum
jerk controller. A significant reduction (p < 0.01) in the sum of squares of the
joint torques is seen for the model predictive controller compared to the foot
trajectory controller.

Mechanical energy consumption is significantly (p < 0.01) reduced for the
model predictive controller. The minimum torque change cost function has the
lowest overall energy consumption (19% smaller than the minimum torque cost
function).

The model predictive controller with a minimum torque cost function and
the minimum jerk controller both have a significant (p < 0.01) reduction of
the error at the end of the step. The error is reduced by approximately 50%.
However, the minimum torque-change cost function shows a significant increase
(p < 0.01) in the error at the end of the step.
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7.2.2 Forward step with a changing desired step location

To test handling a changing desired step location during the swing, we modify
the previous test case by changing the final desired swing location at ¢ = 0.2s.
We move the desired step location 10 cm to the left such that the adjusted
desired step location p(0.4) becomes

0.20m
p(0.4) = {0.32m (7.3)
0.0m

With this test, we simulate a large disturbance on the robot during the swing
motion that necessitates a change in desired step location. The minimum jerk
controller is not able to cope with changes in step location during the swing and
is excluded from this test. The resulting swing motion is shown as a series of
time-lapsed animations in figure [7.8

Figure 7.8: From left to right a graphical representation of the state of the robot
fort=0.0s,t=0.1s,t=0.2s,t=0.3s, and t = 0.4 s is shown for a forward
step with a changing desired step location. The desired step location is changed
at t = 0.2 s, represented by the middle panels. The different controllers are
shown from top to bottom: a) MPC - Minimum torque cost function, b) MPC -
Minimum torque change cost function, and ¢) Foot trajectory controller. Note
that the images are mirrored for clarity.
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Actuator torques

The recorded actuator torques for the different cost functions of the model
predictive controller and the foot trajectory controller for a changing desired
step location during the swing are plotted in figure [7.9] At ¢ = 0.2s the desired
step position changes. As expected, there is a peak in actuator torque for the hip
roll for all three controllers at that point. However, the peak is much smaller for
the model predictive controllers in comparison to the foot trajectory controller.
The hip pitch and knee torque curves are comparable with the curve for the
forward step without a changing desired step location. Just as in the forward
motion without a changing desired step location we see large torques near the
end of the swing motion (¢ = 0.35 to ¢t = 0.40) for the foot trajectory controller
that are not present for the model predictive controller.
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Figure 7.9: Actuator torques of the hip roll, hip pitch and knee for the cost
functions of the model predictive controller and the foot trajectory controller
for a swing with a changing desired step location.
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Joint positions

The corresponding joint positions an velocities for the different cost functions of
the model predictive controller and the foot trajectory controller for a changing
desired step location during the swing are plotted in figure [T.10] We can see
that at ¢ = 0.2 s the hip roll angle starts changing from approximately 0.0
radians to approximately 0.14 radians to compensate for the changing desired
step location. The slope of the hip roll angle for the model predictive controller
is smaller, as expected from the lower torques.

59



0.1251:

Angle [rad]

0.025:

0.000;

Angle [rad]

°©

o
-
o
o

0.075

o
o
o
o

0.00 {i=
-0.051:-
-0.10{;
__-0.15{:
T .0.201:
= 0251
2 0.301:
2 .0.35|:
-0.40 {:
-0.45{:
-0.50 1
-0.55 {:
-0.60 4

°

°

°

©

°©

©

°©

Hip Roll Angle

~=MPC - Minimum Torque == MPC - Minimum Torque Change — Foot trajectory controller

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
Time in swing [s]

Hip Pitch Angle

== MPC - Minimum Torque == MPC - Minimum Torque Change — Foot trajectory controller

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
Time in swing [s]

Knee Angle

——MPC - Minimum Torque =— MPC - Minimum Torque Change — Foot trajectory controller

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
Time in swing [s]

Figure 7.10: Position of the hip roll, hip pitch and knee for the cost functions
of the model predictive controller and the foot trajectory controller for a swing
with a changing desired step location.
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Performance characteristics

For this task we also recorded the peak torque, sum of squared actuator torques,
mechanical energy consumption and the error at the end of the step. The initial
desired swing foot position p;(0.4) is given by table At t = 0.2 s the desired
step location is changed to p;(0.4). The values for p;(0.4) are given in table 7.5

X y v/
p(04) | 02m  030m 0.0m
p2(04) || 02m 0275m 0.0m
p3(04) || 02m  025m 0.0m
72004) | 017m  03m 0.0m
p5(0.4) | 0.17m 0275m 0.0m
P6(0.4) || 0.17m  025m 0.0m
p7(04) | 015m  03m 0.0m
ps(0.4) | 0.15m 0275m 0.0 m
P9(04) | 0.15m  025m 0.0m

Table 7.5: Desired changed step locations for performance measurements.

The mean value and the standard deviation ¢ are tabulated in [T.6

Controller Peak Torque [Nm] () Y272 [Nm?] (¢)  Energy [J] (o)
MPC - Minimum Torque 62.3(10.4) 62577.0(10319.6) 14.9(0.937)
MPC - Minimum Torque Change 65.4(5.07) 68113.5(4822.48) 11.5(0.766)
Foot trajectory controller 78.0(0.647) 156058.0(2648.67) 22.2(0.649)

Table 7.6: Comparison between the performance of the different controllers and
cost functions for a forward swing with a changing desired step location.

For this task we also see a significant reduction (p < 0.01) in the peak
torques for the model predictive controller. Likewise, the sum of squared joint
torques is also significantly reduced for both cost functions (p < 0.01). Energy
consumption during the swing is also significantly lower and again the minimum
torque change cost function shows a significantly reduced energy consumption
compared to the minimum torque cost function (p < 0.01).

The foot trajectory controller has a smaller error at the end of the step
compared to the forward step without changing desired step location, however
it is still significantly (p ~ 0.02) larger than the minimum torque change cost
function. Again, the minimum torque change cost function has a significantly
higher end of step error.

7.2.3 Push recovery

At the beginning of the push recovery task, the robot is standing on its right
leg and a force is applied on the upper body, see figure [7.11] For a successful
recovery, the robot has to accurately position its feet on the estimated capture
point at the end of the swing motion. During this task, the pelvis moves with
respect to the ground and an accurate estimation for the pelvis position at the
end of the swing is necessary to calculate the final desired joint angles of the
swing leg. We apply a force F for 0.2 seconds, where F is
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0.0377(0.00918)
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ON
F = |—-70N (7.4)
N

Figure 7.11: Initial conditions for the push recovery task, seen from the front of
the robot. The robot is standing on its left leg and has its right leg in the air.
A force is applied in the direction of the red arrow.

The resulting push recovery is shown as a series of time-lapsed animations
in figure [7.12] All controllers are able to successfully regain balance after this
disturbance.
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Figure 7.12: From left to right a graphical representation of the state of the
robot at 0%, 20%, 40%, 60%, 80% and 100% of the motion is shown for push
recovery. The different controllers are shown from top to bottom: a) MPC -
Minimum torque cost function, b) MPC - Minimum torque change cost function,
¢) Minimum jerk controller, and d) Foot trajectory controller.

Pelvis position estimation

We measured the location of the pelvis with respect to world during the recovery.
Ideally, the estimated location of the pelvis should stay constant during the
recovery and be equal to the pelvis position at the end of the swing (t = 0.65s).
In figure [7.13] we have plotted the estimation of the pelvis position at every
moment in time with respect to the actual pelvis position. We can see that
for the y-direction, the estimation is within 10% of the actual pelvis position
for the better part of the swing duration. For the x-direction, there is a large
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Position [m]

Position [m]

overshoot in the estimated pelvis position. During the push recovery, the center
of pressure is actively controlled, influencing the estimation. Because the foot
is longer than it is width, more control can be applied in the x-direction than
the y-direction, negatively influencing the pelvis position prediction.

Pelvis position estimation in the X-Direction

—— Pelvis position = Estimated pelvis position
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— Pelvis position =— Estimated pelvis position

Time in swing [s]

Figure 7.13: Pelvis position estimation during push recovery compared to the
actual pelvis position.

Actuator torques

The desired actuator torques during push recovery are shown in figure[7.14} The
actuator torques during push recovery are more constant than the foot trajec-
tory controller, in comparison to multiple torque spikes in the foot trajectory
controller.
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Figure 7.14: Actuator torques of the hip roll, hip pitch and knee for the cost
functions of the model predictive controller and the foot trajectory controller
during push recovery.
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Bandwidth

Frequency plots of the desired actuator torques during push recovery are shown
in figure[7.15] As expected from the desired torques of figure the bandwidth
requirements for for the model predictive controller and minimum jerk controller
are lower for all joint compared to the foot trajectory controller in the range
from 3 — 100 Hz.
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Figure 7.15: Frequency plots of the desired actuator torques as desired by both
cost functions of the model predictive controller, the minimum jerk controller
and the foot trajectory controller during push recovery.

67



Joint positons

The corresponding joint positions for the different cost functions of the model
predictive controller and the foot trajectory controller during push recovery are
plotted in figure [7.16] The joint angle trajectories for the model predictive
controllers and the minimum jerk controller are almost the same, however the
trajectories and final angles for the foot trajectory controller differ significantly
for both the hip pitch and knee angle. The final angle at the hip pitch is approx-
imately 0.03 radians smaller, while the final angle for the knee is approximately
0.03 radians larger. Due the kinematic configuration of the robot, this leads to
a foot position that is slightly higher but at approximately the same position in
the (x,y) plane.
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Figure 7.16: Position of the hip roll, hip pitch and knee for the cost functions
of the model predictive controller and the foot trajectory controller during push
recovery.
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Performance characteristics

Push recovery performance is compared for a range of disturbance forces F;, see

table [T

H X y Z
F, | ON 65N ON
Fs | ON -70N ON
Fo | ON -75N ON

Table 7.7: Forces applied on the robot for push recovery

For the push recovery task, we measured the peak torques, sum of squares
of the joint torques, mechanical energy consumption and the error at the end of
the step. The mean values for the three trials as well as the standard deviation
o are tabulated in [Z.8

Controller H Peak Torque [Nm] (o) Y72 [Nm?] (o)  Energy [J] (¢)  Error [m] (o)
MPC - Minimum Torque 57.4(0.3) 385318.0(23941.2)  14.1(0.751) 0.0522(0.02)
MPC - Minimum Torque Change 56.0(0.211) 361814.0(22732.9)  12.9(0.639)  0.0877(0.0323)
Minimum jerk controller 70.0(0.315) 373333.0(12561.8) 12.6(0.133) 0.0636(0.00499)
Foot trajectory controller 107.0(0.186) 518506.0(14551.8) 15.5(0.022) 0.0429(0.00193)

Table 7.8: Comparison between the performance of the different controllers and
cost functions during push recovery.

The MPC controller almost halves the peak torque required during push
recovery. While in simulation, the corresponding torques for the foot trajectory
controller are feasible these are unrealistically high for the physical robot. The
error at the end of the step is slightly increased for the minimum torque cost
function compared to the foot trajectory controller (p & 0.015), however this did
not affect the ability to regain balance. The reduction in energy consumption
for the minimum torque cost function compared to the foot trajectory controller
is not significant.

7.3 Capture point calculation

To calculate the capture point, it is necessary to provide an accurate CoM
position and velocity. Sources of error in the CoM position calculation are

e Inaccurate information on the CoM position of the individual links of the
robot.

e Measurement errors in the joint position.
e Non-rigid links.
e Body orientation estimate.

To minimize the error in CoM position of the individual links, TUlip was
disassembled and the CoM of the individual links was measured [32]. The joint
positions for the hip pitch, knee and ankle joints is measured by high precision
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incremental encoders. Initial joint angles are set by fixating the joint angles
using a calibration jig. The encoders are directly connected to the joint axle
and the maximum error is determined by the resolution of the encoder (= 0.003
radians). The hip yaw and hip roll angle are measured by an incremental encoder
on the motor shaft, which is coupled to the joint axle by a reduction gear. The
error is determined by the maximum play in the gearbox (= 0.05 radians). Non-
rigid links can result in a large error in CoM position. We have not determined
significant bending of parts in the sagittal plane on TUlip. The high precision
incremental encoders in combination with an accurate measurement of the CoM
position of the individual links will provide us with an accurate estimate of the
CoM position in the sagittal plane. Due the large error in the hip roll angle,
there will be a large error in the estimate of the CoM position in the coronal
plane.

The biggest influence in the accuracy of the capture point calculation in
the sagittal plane will be the CoM velocity estimation. We implemented the
Kalman filter on TUlip and logged the velocity of the IMU calculated using
the velocity kinematics, the accelerations of the IMU and the velocity of the
IMU estimated using the Kalman filter in the sagittal plane while the robot was
actively balancing and being pushed. In figure we plotted the measured
velocity, the estimated velocity and the measured accelerations integrated over
time. We can see that the drift of the accelerometer integration is compensated
for and that the resulting velocity estimation is less noisy than just the pelvis
velocity kinematics.
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— Kalman estimator
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Figure 7.17: Velocity calculated with the velocity kinematics, calculated by
integrating the IMU acceleration data and the velocity of the robot estimated
using the Kalman filter in the sagittal plane.
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When the robot is actively balancing, we see that the velocity of the IMU
calculated using the velocity kinematics shows random spikes in the data. This
heavily influenced the resulting velocity measurement of the robot. We manu-
ally increased the measurement noise covariance estimate R until the resulting
velocity was satisfactory to be used for control purposes. See figure [7.18| for the
adjusted Kalman filter results. The resulting noise estimate is R = 0.5 - 1073.
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Figure 7.18: Velocity calculated with the velocity kinematics, calculated by
integrating the IMU acceleration data and the velocity of the robot estimated
using the Kalman filter with a manually tuned noise estimate in the sagittal
plane.

If the pelvis has no angular velocity, the pelvis velocity is equal to the CoM
velocity. However, because the CoM is not equal to the location of the IMU,
the pelvis velocity differs from the CoM velocity. By using the coupling factors
described in section [3:3.3] we can compensate for the angular velocity of the
pelvis. In figure we can see that the coupling factor reduces the CoM
velocity if the rotational velocity of the body is large, but for a small rotational
velocity the measured CoM velocity is hardly affected.
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Figure 7.19: Measurement of estimated CoM velocity, estimated pelvis velocity
and angular velocity of the pelvis while the robot was in double support and the
operator pitched the upper body by hand. The CoM velocity is approximately
40% lower than the pelvis velocity due to the offset of the CoM from the IMU
location.

7.4 Conclusion

The most suitable cost function for swing leg control is the minimum torque cost
function. Compared to the minimum torque-change cost function, the minimum
torque change cost function has an approximately 20% higher mechanical energy
consumption for a forward step. However, the error at the end of the step is
significantly larger for the minimum torque-change cost function and the ground
clearance is the smallest of all controllers.

The goal of this thesis is to find a controller for the swing leg that accurately
positions the foot while taking advantage of the dynamics of the swing leg to
reduce control effort. By exploiting the dynamics of the swing leg, negative
work can be avoided and the mechanical energy consumption is reduced. For
the model predictive controller, braking torques at the end of the swing are
much lower than the foot trajectory controller, reducing losses due to negative
work. Furthermore, the mechanical energy consumption is reduced considerably
compared to the foot trajectory controller.

For push recovery mechanical energy consumption is comparable to the
model predictive controller with the minimum torque change cost function and
the foot trajectory controller. The end of the step error is slightly increased.
However, the peak torque is almost halved for the model predictive controller
compared to the foot trajectory controller. Bandwidth requirements are also
significantly reduced for the model predictive controller.

The minimum jerk controller is comparable to the foot trajectory controller
in terms of energy requirements and peak torque. The bandwidth requirements
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are reduced compared to the foot trajectory controller. Ground clearance de-
pends on the chosen knot points, but is not constant during the step. A change
in step location during the swing cannot be compensated for. The recommended
usage for the minimum-jerk controller is in computationally constrained systems
that have limited bandwidth actuators. In cases where the bandwidth of the
actuators is high or there is a need to change the step location during the swing
the foot trajectory controller will outperform the minimum jerk controller.

For the model predictive controller, computational constraints limit the num-
ber of constant acceleration sections to 5. Calculation time on the high level
control computer is below 9 ms allowing a theoretical loop rate of 111 Hz. How-
ever, the JRTS real time virtual machine introduces a large performance penalty
in comparison to the standard JVM and real-time control is not feasible at this
moment. We expect that advances in processor speeds will make this controller
computationally feasible in 1 to 2 years.

Finally, using a Kalman filter for pelvis velocity estimation allows us to get
a good estimate for the capture point of the robot. Advantages of using a
Kalman filter over just the velocity kinematics are increased noise rejection and
robustness against small foot rotations and slip.
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Chapter 8

Conclusion

We have proposed two controllers to replace the swing controller currently in
use on M2V2, a model predictive controller and a minimum jerk controller. Two
cost functions are implemented for the model predictive controller, a minimum
torque cost function and a minimum torque change cost function. The minimum
torque change cost function results in the lowest mechanical energy cost during
the swing, but the minimum torque cost function is preferred over the minimum
torque change cost function because it results in a larger ground clearance during
the swing motion and a smaller error at the end of the step. The minimum
torque cost function has an approximate 20% increase in mechanical energy
cost compared to the minimum torque change cost function. Compared to
the existing foot trajectory controller, the model predictive controller with the
minimum torque cost function results in approximately 20% lower peak torques,
a decrease in mechanical energy usage of approximately 35% and a significant
reduction of the error at the end of the step for a forward swing motion.

The goal of this thesis is to design a controller that takes advantage of
the dynamics of the swing to reduce actuator effort while providing accurate
foot positioning capability for the swing foot. The proposed model predictive
controller with a minimum torque change cost function is able to take a 40 cm
step in 0.4 s with a positioning error between 1 cm and 2 cm. The resulting joint
trajectories take advantage of the dynamics of the swing leg to come to a stop
at the end of the swing with a much smaller active braking torque (negative
work) compared to the foot trajectory controller. This results in the significant
decrease in mechanical energy consumption.

The CoM velocity to accurately calculate the capture point is estimated
by fusing the pelvis velocity kinematics and the accelerations measured by the
IMU using a Kalman filter. The usage of the Kalman filter to estimate the
CoM velocity greatly improves the noise characteristics over calculating the
CoM velocity using the individual joint velocities. When the robot is disturbed,
the proposed swing leg controller is used to quickly step on the capture point
such that the robot can regain its balance.

The current setup available for M2V2 is not sufficiently powerful to run the
model predictive controller, mostly because the Oracle/Sun JRTS has a large
performance penalty compared to the normal Java VM. We expect that faster
computers will be available in the 1-2 year time frame that are sufficiently fast
to run the proposed controller.
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The proposed minimum-jerk controller should only be used when the actua-
tors have low force bandwidth and the robot is computationally constrained as
the peak joint torques are higher than the model predictive controller and this
controller cannot handle changing step locations.

Further work includes decreasing the calculation time to control a physical
robot using our current setup, stepping over and on obstacles, implementing
different cost functions based on the required task and using the model predic-
tive controller to control arms in a constricted environment. There are several
ways to decrease the calculation time. Parallel calculation of the joint torques
for the constant accelerations sections using multiple threads should provide
the most significant decrease in calculation time. Research topics for parallel
calculation are smart algorithms for dividing the work load and implementing
correct synchronization between the different threads. Other solution include
profiling and hand optimization slow code paths, rewriting the controller to run
without garbage collection and porting the controller to a more computation-
ally efficient programming environment. Stepping over and on obstacles can be
implemented by using a ground profile instead of assuming a flat ground for the
ground clearance penalties. Research should focus on providing smooth ground
profiles so the optimization algorithm converges quickly. Different cost functions
can be used depending on the task. Possible cost functions are a minimization of
swing time to regain balance after extremely large disturbances, maximization
of ground clearance for navigating rough, unmapped terrain, and minimization
of electrical energy consumption to increase the operating time of the robot.
Finally, the proposed controller can be used to control the arms of the robot. A
major research topic would be avoidance of obstacles, not only with the hand
but also for the individual limbs.
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Appendix A

Frame definition for TUlip

This appendix lists the numerical values for the translations between the frames
of TUlip. The kinematic chain of the leg of TUlip consists of 6 joints, see
figure The frames are defined as in figure The data is taken from
the SolidWorks model of TUlip and should be accurate up till 0.1 mm for the
physical robot.

The translation between the pelvis frame (0) and the hip yaw frame p} is

0.085
po = |0.0759 (A1)
—0.392

The translation between the hip yaw frame (1) and the hip roll frame (2) p?
is
0.0
pP=1| 00 (A.2)
—0.0705

The translation between the hip roll frame (2) and the hip pitch frame (3)
p3 is
0.0

ps = [0.0378 (A.3)
—0.04

The translation between the hip pitch frame (3) and the knee frame (4) p3

is
0.0
= 00 (A.4)
—0.275
The translation between the knee frame (4) and the ankle pitch frame (5)
Py is
0.0
pi=| 00 (A.5)
—0.320
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Finally, the translation between the intersecting axis of the ankle pitch (5)
and ankle roll frame (6) p¢ is zero

0.0
= 0.0 (A.6)
0.0
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Appendix B

X Sens

The Inertial Measurement Unit (IMU) used on TUlip is the XSens MTi. In this
appendix we will describe how we configured the XSens to run at a maximum
data rate and how the internal filters are configured.

The XSens MTi is connected to the onboard PC using a serial connection.
This limits the data rate to 115200bits - s~ 1. To minimize the amount of data
sent over, we request a quaternion to describe the orientation (compared to a
rotation matrix, a quaternion gives a non-ambiguous orientation with 4 floating
point values in comparison to 9 for a rotation matrix). The complete data
packet send by the XSens IMU consists of

e Preamble (1 byte)

Address (1 byte)

Message identifier (1 byte)

Message length (1 byte)
e Data

— Orientation (quaternion, 4 floats)
— Acceleration (x-y-z, 3 floats)

— Rotational velocity (x-y-z, 3 floats

Checksum (1 byte)

A float is 4 bytes long. This gives us a packet size of 45 bytes. The IMU sends
data encoded with 10 bits per byte, thus 450 bits per packet. The maximum

update rate At,,qz 1S
115200

450
Tests showed that increasing the update rate above 200H z resulted in ran-
dom errors in the data stream or a complete loss of XSens data.
According to the XSens manual, there are five scenarios for the XSens, which
control the different filter settings used internally in the IMU

Atmaac =

= 256Hz (B.1)

e Human
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e Human (Large Accelerations)
e Machine

e Machine (no magnetic field)
e Marine

For our humanoid robot, we used the Human scenario.

The gyroscopes and accelerometers inside the XSens need about 10 minutes
to warm up and settle in steady state operation. Besides that, the internal
filter needs about a minute to converge to the current orientation. We wrote a
small daemon that continuously reads the XSens data and makes it available to
the control software, such that if the controller starts the XSens is immediately
usable.

If the XSens does not coincide with the CoM of the robot, rotations around
the Center of Mass result in an acceleration of the IMU, reducing the accuracy
of the orientation measurement. Therefore, we attached the XSens as close as
possible to the (average) location of the CoM.
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Appendix C

Quintic (5th order) spline

C.1 Introduction

Splines where first introduced by de Boor in 1987 [33]. A spline is combination
of polynomials that allow interpolation between many points. The advantage
over a polynomial interpolation of a number of points is that the order of the
spline does not increase when the number of points is increased, as opposed to
a polynomial interpolation.

A fifth order (quintic) spline allows us to define an arbitrary number of
points to interpolate. The points to interpolate are also called knot points. The
location of knot point ¢ is described by the variables z; and y;.

A quintic spline has six free variables, this allows us to choose an arbitrary
initial value, derivative and second derivative as well as an arbitrary final value,
derivative and second derivative.

A quintic spline consists of n 5th order polynomials, sg to s,,. The first five
derivatives of the individual polynomials s; are finite, see equation

5i(x) = a; +bi(x — x5) + il — 2;)* +di(x — ) +ei(x — 2)* + fi(x — x;)°
$i(x) = by + 2¢i(w — ;) + 3di(x — )2 + dei(x — x3)° + 5fi(x — x;)*
i(z) = 2¢; + 6d;(x — 1) + 12¢5(x — 24)* 4+ 20f; (x — z;)®
§i(x) = 6d; + 24e;(x — ;) + 60 fi(x — ;)2
5% (x) = 24e; + 120 f;(z — x;)
(C.1)

C.2 Constraints

At the knot points, a quintic spline is guaranteed to be continuous to the 4th
derivative. This allows us to define six constraints for each polynomial s;, see

equation [C.2
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Si(ﬂ%) = 51‘—1(&%‘)

5i(wq) = 8-1(x3)

§i(xy) = 8_1(x5) (©2)
S'L(xz) = 3171(961‘)
S z(éEz) =S 1—1(301‘)

C.3 Derivation

The values of a;, b;, ¢;, d;, e; and f; can be determined from the constraints
given in equations First, we define the difference between the location of
the two knot points, h;

h,; =Ti+1 — X4 (CS)
Substituting equation into

si(@i) = a; =y,
sip1(1:) = aiy1 = a; + bihi + ¢;h? + dih? + e;h + fih?
$i11(xi) = bip1 = by + 2¢;h; + 3d;h? + de;h3 + 5 f;h}
Sip1(xi) = 2541 = 2¢; + 6d;h; + 12e;h? + 20 f;h3
§ip1 () = 6dip1 = 6d; + 24e;h; + 60 f;h?
Sipa() = 24ei41 = 24e; + 120 f;h;

120fzhz = 246i+1 - 2461‘ (010)
€it1 — €

s C.11

f 5 (C.11)

6dis1 = 6d; + 24e;h; + 60%@2 (C.12)
6di+1 = 6d; + 12¢e;h; + 126i+1hi (013)
2is1 = 2¢; + 6d;h; + 12¢;h2 + 20%@3 (C.14)
2¢iy1 = 2¢; + 6d;h; + 862h12 + 4€i+1h? (015)
bis1 = b; + 2cihi + 3dih2 + de;h? + 5“5%}# (C.16)
bit1 = b; + 2c;ih; + 3d;h? + 3e;hd + e;y 1 b3 (C.17)
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Qisr = a; + bihi + cih? + dih3 + eghd + SHL " Gips (C.18)

5h; '
4 i
From equation we can determine b;

_ 2 3 4 4 €it1,y
bihz = Q;41 — Q; — Cihi - dzhl - gezhl - 5 h7. (CQO)

ait1 a; 9 4 3 €it1,3
A R R 5 QP & B Y C.21
he i - 5° 5 (C.21)

Substituting equation in equation

Ait+2 Gt

4 €12
bit1 = — Ciyrhivs — digahiy, — g€i+1h?+1 - —2h3, (C22)

hiv1 hit1 5
Then substituting equation and equation in equation

Qi42 i1 €ir2 n3

4
2 3 _
= ciyrhig1 — dig1hi ) — g€i+1hz’+1 — T i =

hivi hip
ai+1  a; 9 4 5 e
— T ihy — dih? — Zesh? —
hi  hi © 5°

(C.23)

Finally combining all the terms gives us the linear equality constraint that
needs to be satisfied for all polynomials

Aj42 Qi1

4
2
— Cip1hipr — dipahiy — ceipihiy — i1 =

3 €i+2 n3
5 5

hiv1 hita (C.24)
Ait1 G4 '
h; h;

1 4

+ cihi + 2d;h; + Qgeih§ + 5€i+1hf

C.4 Writing the linear system of equations in
matrix form

First, move all a; terms in equation [C.24] to the left side

A2 Qip1l G4l + i
hivi higr hi hy

1 4 4 ;
cihi + Ciyrhizr +2d;h7 + diy1h? | + 2geih? + 56i+1h? + 5€i+1h§+1 + 6%2]1?“

(C.25)
Next, write dy to d,,_1 as function of ¢q, dy and eg to e,
6d7;+1 = 6d; + 12¢;h; + 12e;41h; (026)
di+1 =d; + 2e;h; + 2€i+1hi (027)
(C.28)
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Writing equation in matrix form for ¢ = 0 — n — 1 results in

C e T
01 0 0 e 0 0 0 ZO do
0 1 2hg 2hg e 0 0 0 60 dq
1
0 1 2hy 2ho+2h; ... M3 0o o], : dps
0 1 2ho 2ho+2hy ... 2hp 3+hn o 2h, o O e”*“' dn_1
n—1
L en
(C.29)
The next step is to write ¢g to ¢, as function of ¢y, dy and eg to e,
Ci+1 = C; + 3dzhz + 461}122 + 2€i+1h% (030)
Writing equation in matrix form for ¢ = 0...n results in
oo
(1 0 O 0 0 e 0 0 7 |do
1 0 4h? 2h? 0 . 0 0 €o
1 0 4hi 2h3 +4h3 2h2 . 0 0 €1
B : : : . : : €2
1 0 4h3 2h3+4h? 2n? +4h% ... 2h2_, 0 :
11 0 4h3  2h% +4h? 2R3 +4h3 ... 2k _,+4Rh2_, Qh%_l_ es3
_64_
_ 0 - o]
3hidy C1
3hz(d0 =+ dl) Co
+ . =1.
3hi(do+di + -+ dp_2) c3
_3hz(d0 + dl + -+ dn—2 + dn—l)_ _C4_
(C.31)

For clarity we did not expand dgy to d,,_1, which are given in equation
The final step is to put equation in matrix forms for i = 0...n. Again,
for clarity we do not expand ¢ to ¢, and dy to d,,—1 given in equation [C.29 and

[C31
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oo
do
0 0 2ind 2n3+2n3 £h3 0 0 €o
00 0 2¢hy  £hi+ 3h3 th3 0 el
. . €9

00 0 0 2ih3  2h3+ 2h3  1h3 :

€3
_64
coho + c1hy + 2doh? + d1h3 T el vl ol el
N c1hy —|—82h2+2d1h%+d2h§ B }yTZ_ %—%‘i‘}%
cahg + c3hs + 2dah3 + dshj T sl el o vl

(C.32)

C.5 Boundary conditions

To completely constrain the quintic spline, we need to define four more con-
straints besides the knot points and the constraints given in equation[C.2] These
boundary conditions are the initial and final velocities and accelerations of the
quintic spline.

50 = Yo (C.33)
S0 = Yo (C.34)
b = (C.35)
5y = iin (C.36)

The initial velocity g9 can be written in terms of ag, a1, cg, dg and eq

. a a 4 e
Yo =bo = hf(lj — hi(i — coho — dohd — 560h3 - glhé (C.37)
4
% - %‘3 — o = coho + dohj + - eoh + %h% (C.38)
And the initial acceleration gjg
Yo = 2¢o (C.39)

The final desired velocity y can be written in terms of a,, €, Gn_1, Cn_1,
dp—1 and en — 1
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Sn =bp =bn_1+2n_1hn_1+3dn_1h2_; +3en_1h®_| +enhd_,  (C.40)

(279} Ap—1 2 4 3 €n ;3
bn,: - _nfhnf _d’ﬂfh’f_i’ﬂ*hf_ih*
1 hn—l hn—l & 1 1 1Mp—1 56 1Mp—1 5 n—1
(C.41)
. (07 Ap—1 2 1 3 4 3
Yn = Bt - Bt +en1thnot +2dn—1hn_1 +256n—1hn_1 + genhn_l
(C.42)
T VA Y I Y 1.
Yn hn—l hn—l — Cn—-1/tn—1 n—1/"np—1 5 n—1M"np_1 5 nltn_1
(C.43)
And the final desired acceleration jy,
Un = 2¢4 (C.44)

Combining equations [C.38] [C.39] [C.43] and [C.44] into matrix form gives us
the linear set of equations to solve for the boundary conditions.

]
d a a .
ho hi 2n} iR} 0 0 0 eg 0 o,
2 0 0 0 0 0 0 . 0 Yo
1 = . a a
0 0 0 0 0 2in} 2n3 o cshs + 2d3h? g3 — L+ @
0 0 0 0 0 0 0 2¢4 i
€3
_64_
(C.45)

C.6 Solving for the coefficients

The spline coefficients can be found by solving the linear set of equations given

by equation and equation Using freely available matrix libraries we
can solve the linear set of equations quickly and efficiently. This allows us to
use the quintic spline to create trajectories in real time.
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