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Abstract

Legged robots require knowledge of the position, velocity and orientation of the
base in order to maintain stability and execute controlling schemes. We present
a state estimation framework for legged robots locomotion based on Extended
Kalman Filtering (EKF). The core idea of this approach is to exploit the informa-
tion from the kinematics constraints given by the feet in contact with the ground
at each interval, and then fuse it with the sensory data from Inertial Measure-
ment Unit (IMU) on the robot, therefore the whole task of control is executed by
the information provided with onboard sensory devices. Consequently, we will
design the estimator (EKF) based on the formulation of the underlying stochastic
model. As shown in previous works, such a filter is observable for the linear veloc-
ity vector, and roll and pitch angles of the base, which are the crucial elements in
order to use the estimated states for the feedback to the whole body controllers in
legged robots locomotion. To this end, the estimator is implemented and tested
with different types of motion on the quadruped robot Solo12, and the correct-
ness and reliability of such a framework is shown. Finally, the observer-based
controller is successfully tested in a feedback scheme for the whole body control
of the robot without using any external sensory device.






Chapter 1

Introduction

In this work we address the state estimation problem for legged robot, which is one
of the main challenges in legged robot locomotion. In order to develop and have
efficient motion planning schemes with different controllers for a free floating base
robot, accurate estimates of the robot’s states are needed. Some states, such as
joint angles are directly accessible through encoders (and also joint velocities, by
taking the differentiation from encoders’ measurements), while other states, such
as the robot’s base position, velocity and orientation require additional sensor.

We show that by fusing different sensory data with an estimation framework, we
can have an accurate estimation of the robot’s base states. The advantage of
this framework comparing to the alternative approaches is simplicity and being
computationally efficient.

In our work, we only rely on using common proprioceptive sensors and knowl-
edge of leg kinematics. The key idea is to extract information from the kinematic
constraints given through the intermittent contacts with the ground and to fuse
this information with inertial measurements coming from the onboard sensors.
The estimation framework accommodates contact switching and makes no as-
sumptions about gait or terrain, making it applicable on any quadruped or biped
platform.

In order to develop and implement the estimation algorithm, we first briefly
mention the importance of this study for legged robot locomotion, and present
the research objectives, and contributions of this work.
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1.1 Legged Robots Locomotion

Legged robotics is rapidly transitioning from research laboratories into the
real world, as demonstrated by the recent introduction of several commercial
quadruped platforms. They have the potential and promising applications in a
wide range of usage such as logistics, delivery industry, aid in search and rescue
and assistants in different fields.

In the recent times, there are commercial platforms, such as Spot [Spot] from
Boston Dynamics that are capable of walking on different terrains. They are
currently used primarily for indoor mapping and construction site applications.
Another equally popular robot is ANYmal from Anybotics [FankhauserHuttel8],
a Switzerland-based company. They focus both on the commercial application
and research work. They maintain close ties with ETH Zurich to contribute
extensively to the community. Fig. 1.1 shows these quadruped robots along with
one of the first legged robots designed and developed in 1970’s by McGhee and
his group at Ohio State University [SchneiderSchmucker(6].

Figure 1.1: From left to right: Boston Dynamics Spot, Anybotics ANYmal, and
OSU Hexapod.

To be truly useful, legged robots must be able to reliably and rapidly navigate
across rough terrain and be stable in the presence of disturbances, such as slips
or pushes. They must also be able to perceive and manipulate the environment
whilst avoiding collisions with obstacles and people. In order to develop and have
efficient motion planning schemes and robust feedback controllers for these robots
to handle these tasks with different gaiting patterns on diverse train, accurate
estimates of the robot’s states are needed. The robot’s state is used to plan and
track body trajectories, to balance and recover from external disturbances, and to
map the environment and navigate through it. Since the base of legged robots is
a free flyer with 6 degrees of freedom (DoF') in space, and they make intermittent
contact with the ground, this contact switching poses a challenge for obtaining
robot’s state.
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Mobile robots are equipped with different sensors, and they are categorized in
two main types, “Exteroceptive”, and “Proprioceptive”. In order to differentiate
between these two categories of sensors, it is first necessary to define the general
characteristics that are important for their use in mobile robotics. All sensors are
characterized by; an acquisition frequency (response time), a measurement resolu-
tion, and a noise on the measured physical quantity (defined by its repeatability).
In addition, the measurement principle defines whether the sensor performs an
absolute measurement (always with respect to a known reference frame) or a
relative one. Proprioceptive sensors such as inertial measurement unit (IMU),
and encoders measure the state of the robot itself (acceleration, joint position or
velocity, etc.), while exteroceptive sensors such as cameras or GPS units, measure
the state of the environment (mapping, temperature, etc.).

While wheeled robots are assumed to remain in contact with the ground at all
times, legged robot locomotion inherently involves intermittent contacts. This
makes stability a main concern as well as complicates odometry-based estima-
tion approaches. The main control challenge for Legged robots is that they
require knowledge of the full 6 DOF placement of the base. As mentioned, legged
robot locomotion is inherently unstable, and it forces the tasks of control and
localization to depend on internal (proprioceptive) sensing. Therefore, the prob-
lem of state estimation for legged robots is fundamentally different than that of
estimation for wheeled robots (which is generally a localization task).

Most legged robots are equipped with an inertial measurement unit (IMU) that
can measure linear acceleration and angular velocity, although with noise and bias
disturbances. Additionally the leg kinematics are available from intermittent
contacts of the robot locomotion through the encoders. Therefore, because of
nonlinear dynamics of these robots, nonlinear observers are typically utilized to
fuse these data to estimate the robot’s states.

The advantage of this approach is that the whole localization task and estimation
process is relying on internal (proprioceptive) sensing. Furthermore, additional
sensory data such as visual and LiDAR can be integrated later to the observer
in order to correct the position and yaw angle drift and also to build maps of the
environment for the navigation task.

1.2 Open Robot Dynamic Initiative

It is often difficult to test advanced control and learning algorithms for legged
robots without significant hardware development efforts or maintenance costs.
Present-day hardware is often mechanically complex and costly, different robot
systems are hard to compare to one another, and many systems are not com-
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mercially available. To support rapid and broad progress in academic research,
the project “open robot dynamic initiative” (ODRI) was started by movement
generation and control group. This group is led by Prof. Ludovic Righetti in the
autonomous motion department at Max Planck Institute for Intelligent Systems.
Their main research topics are focused on understanding the fundamental prin-
ciples for robot locomotion and manipulation that will endow robots with the
robustness and adaptability necessary to efficiently and autonomously act in an
unknown and changing environment.

With the help of modular design, several open source robotics platforms under
ODRI project have been designed and developed, such as biped (Bolt), manipu-
lator (Tri-finger), and quadruped (Solo12) as shown in Fig. 1.2.

Figure 1.2: From left to right: Solo, Bolt, and Tri-finger Robots from ODRI.

Solo12 quadruped Fig. 1.3 [GrimmingerEtAl20], is a torque-controlled modu-
lar robot architecture for legged locomotion research. This is a new research
robot, developed as an open-source project in collaboration among Max Planck
Institute for Intelligent System (MPI-IS), Laboratory for Analysis and Architec-
ture of Systems (LASS), and NYU Tandon School of Engineering. All designs
are open-sourced; including mechanical drawings, electronic circuits, and control
software. The dog-resembling, torque-controlled quadruped is capable of very
dynamic movements. It is made entirely of 3D printed parts and off-the-shelf
components, which makes it an easy to replicate platform ideal for fundamental
research in legged locomotion and robotic education.

1.3 Research Objectives

In order to control a free floating base legged robot platform, we need accurate
estimates of the robot’s states; namely robot configuration (g € SE(3) x R"),
and robot generalized velocity (v € R™"%), which n is the number of degrees of
freedom on the robot.
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Figure 1.3: Solo12 quadruped robot with 12 DoF in the revolute joints.

In this work, we will focus on Solo12 robot with n = 12, (12 DoF in revolute
joints), and 6 DoF in the free floating base. The robot is equipped with encoders
at each joint and an onboard inertial measurement unit (IMU). The joints posi-
tions and joints velocities are accessible at each time step through the encoders,
and the angular velocity of the base is measured by the gyroscope of the IMU.
Furthermore, since we are using torque control robot, the joint torques are esti-
mated from motors current at each joint. In order to obtain the base position,
orientation and linear velocity (called robot’s base states in this work), we use
an external sensory data as motion capturing system.

This setup imposes some challenges for our robot locomotion, that is to say the
range of robot’s motion is limited by the motion capturing system around the
robot. Therefore, we wish to design and develop an alternative way to obtain
robot’s base state without using any external sensing device.

Accordingly, the goal of this work is to develop a “state estimation framework”,
entirely based on proprioceptive sensory data (onboard sensing devices on the
robot), in order to “track the pose SE(3), and the linear velocity of an articulated
floating base robot”.

1.4 Contributions

The main contributions of this work are as follows:

e We implement a state estimation framework based on the fusion of IMU
data and leg kinematics as two sources of proprioceptive sensory data on
robot.

e We design and implement the EKF in simulation and on the real hardware,
based on the formulation of underlying stochastic process and measurement
models.
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e We present a way of contact detection for our quadruped, to determine
which leg is in contact with the ground at each time step in order to use
the kinematics information of that leg in the measurement model of our
estimator.

e We perform an extensive set of experiments on Solol12 with different mo-
tions, in order to evaluate the performance and reliability of the proposed
estimation framework.

e We use the designed EKF with a nonlinear feedback MPC scheme to show
the advantage of this framework in legged robot locomotion, which elim-
inates any external sensing and all robot’s states are accessible through
onboard sensing devices.

1.5 Overview

The rest of this work is organized as follow. Chapter 2 provides a brief in-
troduction to the related literature on the state estimation for legged robots,
and discusses different approaches in this field, and the advantage of the pro-
posed estimation method over alternative approaches. Chapter 3 explains the
state estimation framework chosen in this study in details with the mathematical
derivation, and presents the implementation in simulation and on the real robot.
Chapter 4 mentions the different types of controllers, which are used in the ex-
periments, and their structures. Finally, in Chapter 5, we present and discuss
the results obtained from an extensive set of experiments with different gaits on
the real quadruped robot Solo12, followed by challenges faced in this estimation
framework, and avenues for related future research in Chapter 6.



Chapter 2

Literature Review

In this chapter we briefly have a look at the history of state estimation in legged
robots locomotion, and review the related works and notable techniques in this
field. Furthermore, we elaborate on the relevance of these literature to our work,
and finally we reason about why we choose the proposed state estimation frame-
work in this project.

2.1 Background

Legged robots are a subclass of mobile robots that locomote through direct and
switching contact with the environment. Legged robot locomotion inherently in-
volves intermittent contacts, and this makes stability a main concern. One of the
main control challenge for Legged robots is that they require knowledge of the
full 6 DoF placement of the base. These robots typically contain proprioceptive
sensors, such as IMU, joint encoders, and force/torque and contact sensors. In
addition, some legged robots also have access to exteroceptive sensors, namely
cameras and LiDARs. As with all mobile robots, state estimation for legged
robots is critical for mapping, planning, designing feedback controllers, and de-
veloping general autonomy.

The majority of legged robot estimation works to date have focused on base state
estimation. This problem is particularly difficult for floating base systems, as the
base pose cannot be measured directly. One of the most widely used choices for
base state estimation is the Extended Kalman Filter (EKF) [BloeschEtAll3a],
[RotellaEtAl14], [FallonEtAll4]. Although, there have been recent attempts to
use more advanced approaches based on the use of factor graphs [FourmyEtAl21],
and invariant Kalman Filters [HartleyEtAl120], the EKF framework is commonly
used due to its compromise between simplicity, efficiency, and performance.
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For base state estimation, most works have fused Inertial Measurement Unit
(IMU) data with leg odometry to estimate the base position and velocity as well as
its orientation [BloeschEtAl13b], [RotellaEtAll4]. Furthermore, to compensate
for the drift of the unobservable base position while simultaneously mapping the
environment, sensor modalities like LIDARs and cameras are often added.

2.2 State Estimation

As described in [CamurriEtAl20], the literature on the state estimation for legged
robots can be classified according to several criteria: the type of sensors used
(proprioceptive, exteroceptive, or both); the output frequency (at control rate,
e.g., 400 Hz or camera/LiDAR rate, e.g., 10 Hz); state definition (placement,
velocity, joint states, contact points, etc.); the presence of loop closures (odometry
vs. SLAM); the degree of marginalization of past states (from filtering to full
batch optimization). Finally, if there is fusion of proprioceptive and exteroceptive
signals, this can be performed in a loosely or tightly coupled manner.

The related work can be divided into three main categories:

e Proprioceptive state estimation, which includes filtering methods to fuse
only the high-frequency signals, such as IMU and kinematics.

e Multi-sensor filtering, which covers filtering methods with proprioceptive
and exteroceptive sensor fusion.

e Multi-sensor smoothing, which typically involves fusion of visual odometry
(VO), IMU, and kinematics in a tightly coupled manner within probabilistic
graphical model frameworks, such as factor graphs [CamurriEtA120].

[RostonKrotkov92] presented one of the earliest navigation system which extracts
information from leg kinematics. By matching the foot positions between two
consecutive time steps they compute the incremental motion of the main body.
Further, they introduce a slip detection method which relies on the invariance of
the distance between feet that are in contact with the ground.

One of the first approach exploiting information given by the leg kinematics was
implemented by [LinKomsuogluKoditschek05] on a hexapod robot. Assuming
that the robot is in contact with three of its six feet at all times and assuming
completely flat terrain, they implemented a leg-based odometer. Their method
requires the robots to follow a tripod gait and is affected by drift. The same
group fused the leg-based odometer with data from an IMU and thus is able to
handle tripod running.
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Using the assumption of knowing the precise relief of the terrain, [ChittaEtAl07]
implemented a pose estimator based on a particle filter. It fuses leg kinematics
and IMU in order to globally localize a robot.

Given the above assessment of previous works, it is conjectured that a suitable
filter for general legged robot state estimation should:

e Make no assumptions about the gait or terrain.
e Be easily adapted to any legged robot platform.

e Use as little computational resources as possible.

[BloeschEtAll3a] were the first to introduce a novel EKF for state estimation on
the quadruped starlETH which fused leg odometry and IMU data to estimate
the full pose of the robot without making these assumptions (the EKF-based
state estimator did not depend on a specific type of gait or number of legs). By
choosing an appropriate state vector, they broke down the estimation problem
to the proper formulation of a few simple measurement equations. Further, it
was shown that as long as at least one foot is in contact with the ground then
all states other than absolute position and yaw (neither of which matters for
stability) are observable.

As an extension to this study, the same group presented an estimation framework
in [BloeschEtAl13b] based on unscented Kalman filtering. While following a
similar overall approach, in the sense that accurate estimates of the full body
pose were obtained by fusing information from an on-board IMU and kinematic
measurements, the latter approach extended and improved different aspects of
the previous methodology. By deriving velocity constraints from the feet that are
in contact with the ground, simple measurement equations were obtained which
reduced the size of the state and which were more suitable for slippage detection.
Since angular velocity from the IMU appeared on both the inertial process model
and the measurement update, the authors proposed the use of the Unscented
Kalman Filter (UKF) instead of an EKF to better handle the correlation between
the joint and gyroscope noises. Further, a robot-centric formulation of the state
space was chosen in order to appropriately partition the filter states and avoid
problems with unobservable states.

When foot sensors are unavailable, the contact feet are detected by putting
thresholds on the Ground Reaction Forces (GRF), which are estimated from the
joint torques. [CamurriEtAl17] proposed a method that evaluates GRF disconti-
nuities to discard invalid leg odometry velocity measurements on the quadruped
robot.

In this work, we prefer to utilize a Kalman-based filtering in order to fuse IMU
data with leg kinematics, for several reasons. First, comparing to more sophisti-
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cated methods, Kalman-based filtering framework is simpler and computationally
less expensive. Second, our quadruped is equipped with an onboard accurate IMU
device, with small noise and bias terms, and by the integration of the dynamics
of the robot by the measured linear acceleration and angular velocity, we can
have a good process model with small drifts in time. Additionally, we have an
almost precise kinematics of the joints for our robot which makes it a reliable
measurement model for the base linear velocity. Furthermore, in order to reduce
weight and increase agility, our quadruped robot is not equipped with force sen-
sors on the end effectors, but contact forces from ground can be estimated with
the current measurement of the motors, which can be used as a model for contact
detection in any gaiting pattern.



Chapter 3

State Estimation Framework

Filtering methods involve estimating the robot’s current state using the set of all
measurements up to the current time. With a linear process and measurement
model and white Gaussian noises, the Kalman Filter provides an estimate of the
state vector “a” along with a corresponding covariance matrix “P7”, which speci-
fies the uncertainty of the estimate. The filter involves two steps: prediction and
update. In the prediction step, the estimates are propagated through the system
dynamics in order to produce a priori estimates and covariance matrix, and in the
update step, the estimates are updated using a measurement to produce a pos-
teriori estimates and covariance matrix. However, the standard Kalman Filter is
applicable only for state estimation in linear systems. Most practical robots have
nonlinear system dynamics and mainly sensory data are also nonlinear; therefore,
for these cases an Extended Kalman Filter (EKF) can be employed, which uti-
lizes Taylor series expansions to linearize the process and measurement models
around the current state estimate. Although, the convergence and optimality
are no longer guaranteed for such a filter, it is mostly advantageous because of
its performance and simplicity, and being computationally efficient. In our case
the process model is dynamics of the robot’s base, and we use the base linear
velocity measured from kinematics of the set of legs in contact with ground as the
measurement model. Since our robot has a free floating joint in the base (with 6
DoF), we use quaternion in order to represent the orientation of the base and to
avoid singularities in other representations such as Euler-angles.

3.1 Mathematical Prerequisites

The number of degrees of freedom (DoF) of a robot is the smallest number of
real-valued coordinates needed to represent its configuration [LynchPark17]. In
order to specify the position and orientation of a rigid body in three-dimensional
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physical space, a minimum of six numbers are needed. In this section we give an
overview of a systematic way to describe a rigid body’s position and orientation
which relies on attaching a reference frame to the body. The configuration of
this frame with respect to a fixed reference frame is then represented as a 4 x 4
matrix. This matrix is an example of an implicit representation of the C-space
(configuration space), the actual six-dimensional space of rigid-body configura-
tions is obtained by applying ten constraints to the 16-dimensional space of 4 x 4
real matrices.

Rigid Body Rotation

In R3 | the rotation group SO(3) is the group of rotations around the origin under
the operation of composition. Rotations are linear transformations that preserve
vector length and relative vector orientation. Its importance in robotics is that
it represents rotations of rigid bodies in 3D space: a “rigid motion” requires
precisely that distances, angles and relative orientations within a rigid body be
preserved upon motion. In contrast, if norms, angles or relative orientations
are not kept upon motion, the body could not be considered rigid. The special
orthogonal group SO(3), or the group of rotation matrices, is the set of all 3 x 3
real matrices R € R3*3 that satisfy

R'R=1 (3.1)
det(R) = 1.

We can define the rotation operator

r:R? — R3
v 7r(v) (3.3)

acting on vector v € R3 as a linear operator; since it is defined from the scalar and
vector products, which are linear. Therefore it can be represented by a matrix
R ¢ R**3, which produces rotations to vectors through the matrix product

r(v) = Rv. (3.4)

The Rotation Group and the Quaternion

In this section, we would like to mention the connection between quaternions and
rotation matrices as representations of the rotation group SO(3). The set of unit
quaternions forms a group under the operation of multiplication. This group is
topologically a 3-sphere, that is the 3-dimensional surface of the unit sphere of
R*, and is commonly noted as S°.
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Similar to Eq. (3.1), the corresponding two properties of quaternions as rotation
operators are

llg||* =1
¢®eg=qeq =1 (3.5)
where g* stands for the conjugate of the quaternion.
The equivalent formula to Eq. (3.4) can be written as quaternion rotation action
r(v)=qeveq. (3.6)

For the sake of completeness, we also mention the corresponding ordinary dif-
ferential equations (ODE) for rotation matrix and quaternion, which later are
needed for the derivation of EKF. For detailed discussion and derivation, one can
refer to [Solal7].

R = R[w], (3.7)
Q= 5a0w= 2w (33)

Where [.]x stands for skew-symmetric operator, and Qp(w) € R*** is the right-
quaternion-product matrix for pure quaternion = [0, w,, wy, w,]"

0 —w, wy
(W] = | w. 0 —Buz (3.9)
0 —w’
Qp(w) = L) _MJ (3.10)

Rigid Body Motion

We now consider representations for the combined orientation and position of a
rigid body. A natural choice would be to use a rotation matrix R € SO(3) to
represent the orientation of the body frame B in the fixed frame W and a vector
p € R? to represent the origin of B in W. Rather than identifying R and p
separately, they are packed into a single matrix as “The special Euclidean group
SE(3)"

The special Euclidean group SE(3), also known as the group of rigid-body motions
or homogeneous transformation matrices in R3, is the set of all 4 x 4 real matrices
T of the form

WR W
"Typ = l OWB plWB] (3.11)
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where R € SO(3), and p € R? are respectively a rotation matrix and a column
vector.

There are three major uses for a transformation matrix 7"

e To represent the configuration (position and orientation) of a rigid body.
e To change the reference frame in which a vector or frame is represented.

e To displace a vector or frame.

3.2 Kalman Filter

Kalman filtering [Kalman60] is based on linear dynamical systems discretized in
the time domain. We consider the linear discrete dynamic system as described
in Eq. (3.12), where both prediction F} and measurement H} models are cor-
rupted by zero-mean Gaussian process noise wy ~ N (0, Qy), and measurement
noise v, ~ N (0, Ry,) respectively

xz, = Frxi_1 + Bru, + wy,
yr = Hypxy + vp. (3.12)

The goal of the Kalman Filter is to estimate the mean p and covariance matrix
P (which specifies the uncertainty of the estimate) of the Gaussian distribution
over the state x; , given the previous state x;_;, the current control input wy,
and the current measurement yy.

The filter involves two steps: propagating the estimates through the system in
the prediction step to produce “a priori” estimates p, and P, (indicated by
minus superscript), and then updating the estimates using a measurement in the
update step to produce “a posteriori” estimates p; and P, (indicated by plus
superscript).

The Kalman filter is a recursive estimator. This means that only the estimated
state from the previous time step and the current measurement are needed to
compute the estimate for the current state.

Prediction Step
First we calculate the predicted “a priori” state estimate and estimate covariance
matrix

Pip1 = Frpfl + By,
P, = F.P F + Q. (3.13)



3 State Estimation Framework 17

Update Step

Then the updated “a posteriori” state estimate and estimate covariance matrix
are computed as follows
K, = P, H/(H.P; H; + R;,)"
Pl = (I - KHy)Py,
I"l/—l:-‘rl = 1 + Ki(yr — Hepyy o) (3.14)

where K} is the optimal Kalman gain.

3.3 Extended Kalman Filter

Suppose we have the discrete-time nonlinear system as shown in the Eq. (3.15).
The state is first predicted using the non-linear discrete transition function f(.)
(prediction model) and then corrected by the observation function h(.) (measure-
ment model). The functions are corrupted by zero-mean Gaussian process noise
wy, ~ N (0, Qy) and measurement noise v, ~ N (0, Ry)

i = fxp_1, up—_1, wy)

We can simply linearize these models around the current estimate at (¢;), in order
to find the prediction and measurement Jacobians as follow

_(of _(ok
fe () () o

Then by having the process and measurement Jacobians, the propagation of the
error covariance matrix and calculation of the Kalman gain would be the same
as the Kalman filter. Finally, we use the nonlinear models to find the mean of
the state in the prediction and update step.

For the “prediction step” we have

M1 = F(pi s ug, 0)
P, = F.P/F +Q, (3.17)
and the “update step” is as follow
K, = P H{(H. P H] +R;)”
P, = - K.H,)P_,
“—l:—i-l = My + Ky (yk —h(pg,y, 0)) . (3.18)
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This method is known as the “Extended Kalman Filter” (EKF). Although op-
timality and convergence are no longer guaranteed, this is a common approach
for nonlinear estimation, and we choose the EKF over alternative frameworks
such as the Unscented Kalman Filter [BloeschEtAl13b], for its simplicity and low
computational cost.

3.4 Mathematical Derivation of EKF

We would like to track the placement (position and orientation), and the lin-
ear velocity of an articulated floating base robot with two or more legs and
equipped with an onboard IMU, joint sensing of position and torque. We adopt
the estimation approach for extended Kalman filtering framework as presented
in [CamurriEtAl20]. In this work, we focus on the Solo12 quadruped, but this
approach is general and can be applied on the robots of the same type with
differences only in the link lengths and sensor locations.

Frames Definitions

In Fig. 3.1 we illustrate the reference frames relevant to our estimation problem
based on [CamurriEtAl20]. The inertial frame W and the base frame B are
rigidly attached to the ground and the robot’s floating base, respectively. The
IMU frame I at the IMU sensor origin is also rigidly attached to the floating base.
The relative placements (translation and orientation) of these frames are known
by design, and they can be retrieved with respective transformation matrices.
One or more temporal contact frame(s) K are created when a foot comes into
contact with the ground.

Reference frame conventions for a typical quadruped:

e The world frame W is fixed to the earth.
e The base frame B is rigidly attached to the robot’s base.
e The IMU frame [ is rigidly attached to the robot’s chassis.

e The contact frame K, is perpendicular to the ground.

Notations

In the remainder of this section, we adopt the following conventions; the robot
position p = Wpp € R? and orientation ¢ = Wqp € S* (with the corresponding
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Figure 3.1: Reference frame conventions for a typical quadruped.

rotation matrix R = WRp € SO(3)) are from world to base and expressed
in world coordinates; the robot linear and angular velocities are respectively
v = Powp, w = Bwwp, and v, w € R3 from world to base and expressed in
base coordinate; the IMU accelerometer and gyroscope biases are respectively
e, Ip € R? expressed in IMU coordinate. A time-dependent vector quantity a

computed at time ¢ is shortened as a; = a(ty).

State Definition

The robot state is defined as the vector concatenating position, orientation, linear
velocity, and IMU biases. The angular velocity does not appear, as it is assumed
to be directly measured by the IMU once the bias is properly compensated. The
state at time ¢; is

Ty = [pkavk7Qk7wk7 bi, bz}]‘ (3‘19)

Process Model

The acceleration and angular velocity of the floating base are sensed by the IMU
at high frequencies in the range 0.4-1 kHz. They are affected by bias and zero-
mean Gaussian noise. By considering the offset between the base and IMU frame
Bp;p, and the angular acceleration of the base (it can be computed by a simple
finite differentiation from angular velocity); we can express the IMU sensed values
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in the base frame

B ~. w w
|| R;(& - b —n")
e = [atl N [BRI(EL — b —n) + any (3.20)

where Z R; is the rotational part of the rigid transform between the IMU and base
frames, and a,, is the effect of angular acceleration (a), and angular velocity
(w) of the floating base and is calculated as follow

Qow = (0 X Prip) + w x (w x Pryp). (3.21)

By taking time derivative from the states, we can find the non-linear dynamics.
For the base position we have

p="vwp = Ruv. (3.22)

By taking time derivative from Eq. (3.22), we can find the ordinary differential
equation for the base linear velocity

Ry = —R’U + WT}WB —
Rv = —R[w]v + Vowg —

o= R~ Rlwlo+ (Vaws +g) ) -
¥ = —|w] v+ R'g + Baws. (3.23)

The dynamics for the rotation part comes from Eq. (3.8), and we consider random
walk noise for the biases. Finally, the quantities from Eq. (3.20) are used as inputs
to the nonlinear continuous process model in the EKF

P Rv
v _[wt]xU+RTg+at
= |q|= TQr(wy)g . (3.24)
b 0
b* U

Since Eq. (3.24) is continuous and nonlinear, it must be discretized and linearized
for the implementation purposes. Following the EKF framework outlined in sec-
tion 3.3, this requires two systems of equations: (1) a discrete, nonlinear system
for prediction of the mean of the state and measurement, and (2) a discrete, lin-
ear system for propagation of the state covariance matrix through the prediction
model and for computation of the Kalman gain in the update step.
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For the “prediction step”, given Eq. (3.24), we can predict the mean of the state,
Wi, by simple first order Euler integration over the period At =t — tx_4

Uy, (—[wi]xvr + Rig + ay) At

My = |0 |+ Ry exp([wrAt]«) . (3.25)
b 0
by 0

Note that the attitude is integrated separately using the exponential map between
the Lie group of rotations and its Lie algebra at the identity.

Recall that discretized, linearized dynamics are required in order to propagate the
error estimate covariance matrix. We adopt the approach in [RotellaEtAl14], and
we first linearize and then discretize to get the continuous prediction Jacobian
F., and noise Jacobian L,

0 R —Rp, 0 0
0 —[w]x [Rfg] T —[v]x
F.=10 0 ~[wlx 0 —I |, F, eR®™ (3.26)
0 0 0 0 0
0 0 0 0 0
0 0 00
~I —[v], 0 0
L.=|0 —-I 0 0|, L. cR¥?2 (3.27)
0 0 I 0
0 0 0 I

It is assumed for simplicity that the covariance matrix of each process noise vector
is diagonal with equal entries. The continuous process noise covariance matrix is
then

Qc = diag(Qaa Qwa Qba7 wa)' (328)

The covariance matrices, Qq, Qu,Qp,, Qp, are obtained from [Solal7] by inte-

grating the covariances of a,,, w,, az, wz, over the step time At
Q. =0, AT [m?/s?] (3.29)
Q. =0, AT [rad?] (3.30)
Qv, = ooy ALT [m?/s"] (3.31)
Qv = 0oy ALT [rad?/s?] (3.32)

where the corresponding covariances (o) are to be determined from the informa-
tion in the IMU data sheet, table 3.1.
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Table 3.1: IMU sensor outputs.

Accelerometer Gyroscope Magnetometer
Measurement range =£8g¢g 300° /sec +8 Gauss
Non-linearity +0.02% fs +0.02% fs +0.3% fs
Resolution < 0.1mg < 0.003°/sec -
Bias instability +0.04 mg 8°/hr -
Initial bias error £0.002 g +0.04° /sec +0.003 Gauss
Noise density 20 ug/+/Hz - 400 pGauss//Hz

Assuming a zero-order hold on inputs over the interval At = ¢, — t;_1, the dis-
cretized prediction Jacobian and discretized error covariance matrix are given by

[Van Loan7§]
Fy, = exp(F.At) (3.33)

Q= [ Y exp(Fu(ty — 7)) DQ.LT exp(FT (1 — 7))dr.  (3.34)

te—1

In practice, these expressions are often truncated at first order for simplicity to
yield [RotellaEtAl14]

F,~1+ F.At (3.35)
Qi ~ (FrL.Q.L F])At. (3.36)

Measurement Model

The linear velocity of the base is computed using leg odometry. When a foot is
in contact with the ground, as shown in the Fig. 3.2 by simple vector addition
we have

WpWB + WRB ( BpBKi(a) ) = WTWIQ (3-37)

where Bpp. (o) is the position of the foot i relative to the base expressed in the
base frame, which is a function of the joints angles of the corresponding leg. By
taking time derivative from Eq. (3.37), and given the joint positions and velocities
we can compute , using forward kinematics, the velocity and position of each end
effector in the base frame. By assuming that the foot remains stationary while is
in contact with the ground (W ry g, = 0), the measurement model can be written
as follow [CamurriEtAl120]

Voiwk, = Powp + Pupk, + Pwws x Pppk, (3.38)
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Figure 3.2: Measurement model.

where the angular velocity is measured directly by the IMU once the gyroscope
bias was properly compensated. After determining the set of feet in contact
with the ground (explained in details in the next section), the robot’s base linear
velocity can be measured from each foot in contact. By having the joint positions
and velocities sensed from the encoders q, ¢ and considering their additive noise
n?, ¥ the measurement model can be rewritten as follow

o = —J (@ — n")(qr — ") —w x fi(q —n?). (3.39)
We collect all the effects of noise into one additive term n®
Op = —J (@) qr — w x fk(q) +n". (3.40)

First, we compute vy, the measured base linear velocity, from forward kinematics
of each foot in contact. Then by linearizing the measurement model Eq. (3.38)
we can find the continuous measurement Jacobian

0 I 00 [PSpr]x
0 I 00 [BS
H, = " Ssrlx , H, € RI>1 (3.41)
0 I 00 [5Sgg]«
0 I 00 [PSgg]«

which ZSgp, corresponds to the position of the foot i (in contact with the ground)
relative to the base frame, expressed in the base frame. Note that, if the foot ¢ is
not in contact with the ground, the corresponding row in the measurement Jaco-
bian would be zero. The measurement model has algebraic dynamics, therefore
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the measurement Jacobian and the measurement noise covariance matrices are
the same for continuous and discrete-time systems

H,=H, (3.42)
R, =R.. (3.43)

The measurement noise covariance matrix R, should be determined experimen-
tally in order to have an optimal performance, and it can be seen as a tuning
knob in the EKF which handles the uncertainty in the measurement model , and
it is also one way to incorporate the uncertainty in contact detection and slippage
of the foot in contact in our estimation framework.

Eventually, by having Hy, and Ry we apply the update step of the EKF as
described in Eq. (3.18) to get the “a posteriori” estimates.

3.5 Contact Detection

Quadruped robots are typically equipped with high-precision joint encoders from
which low-noise joint velocity measurements can be derived. However, achieving
accurate contact estimation is a major challenge since quadrupeds are not typi-
cally equipped with direct contact sensors, as they easily break during operation.

Quadruped robot feet are usually approximated to be point-like and then assumed
to exert only pure forces onto the ground. By assuming that the robot base
remains flat during contact transitions, we can consider an equal distribution of
the robot total weight over the feet in contact with the ground. We use a Schmitt
trigger to implement a robust hysteresis on the contact decision. we choose upper
and lower bounds as two thresholds for contact classification based on measured
force for each end effector. If the norm of the force at each end effector is higher
than the upper threshold, we consider the foot as in contact with the ground, and
if the norm is below the lower threshold, the end effector is no longer in contact.
This allows some hysteresis in the contact detection which helps reject outliers
due to high joint acceleration when the foot leaves the ground. We compute the
end effector force norm using the joint torque as follows

E = (SlJZT)ilsZT
E; = ||Fi] (3.44)

where S; is the selection matrix for the joints of leg 1.
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3.6 Implementation

In this section we present the overview of the implemented EKF, and briefly men-
tion the simulation environment (used for debugging and testing), real hardware
and related open source software.

Software Structure

The schematic of EKF is demonstrated in Fig. 3.3.
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Figure 3.3: A summary of the extended Kalman filter.

Software Packages

We are using PINOCCHIO [CarpentierEtAl21] for computing the kinematics
and dynamics of a robot model. PINOCCHIO instantiates the state-of-the-
art “Rigid Body Algorithms” for poly-articulated systems based on revisited
[Featherstone08] algorithms. PiNoccHIO is a C++4 modeling library with
PyTHON bindings.
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Simulation

The physics simulator used for this project is PYBULLET [CoumansBai20]. We
use simulation results to validate the estimation framework before implementing
on the real hardware.

Real Hardware

On the real hardware, the framework is designed using Robot Operating System
(Ros2) as its middle-ware to communicate with robot and perception services.
Ros provides different set of programs, tools and libraries for the development of
robotic software application. It has been open sourced, and a huge community
constantly contributes to the development of different support packages. The
complex framework, is simplified by providing tools for hardware abstraction,
management, driver tools and visualizer to easy work on different applications.
Moreover, the software architecture and tool kits for the overall framework are
available open source in GitHub repository of [Machines in Motion Laboratory].
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Controllers

In this chapter we briefly present the “Nonlinear Model Predictive Control Frame-
work” which is developed by [MeduriEtAl22] for whole body motion planning and
implemented for Solo12.

4.1 MPC Controller

The rigid body dynamics of any robot can be described as follows

M (q) + N(q,v) =St + fj JIA; (4.1)

=1

where q represents the generalized joint configuration of the robot, and v is
the generalized velocity vector. M(q) is the mass matrix for the given robot
configuration, IN(g,v) is coriolis matrix which consist of the nonlinear effects
of the dynamics, 7 is the vector of joint torques, S is the selection matrix that
defines the under actuation of the robot, J; are the end effector jacobians and
A = [f, 7] is the vector of forces and torques applied at each end effector.

In the case of a floating base robot, the dynamics can be split into two parts, the
actuated and unactuated part

N
M, (q)v + N,( =Y Tl (4.2)
7=1
N
M (q)a® + Na(q, v —T+Z (4.3)
where the subscript “a”, and “u” correspond to “actuated” and “unactuated”

dynamics respectively. The unactuated dynamics is equivalent to the Newton-
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Euler equations of the center of mass (CoM) for the robot’s base

N

/ mg + 21 n; f;

-l
U

k '((Tj—c)xfjJrTa')

where £, k are the linear and angular momentum, m is the robot mass, g is the
gravity vector, c represents the center of mass location, n; is a binary integer that
describes whether the end effector j is in contact, f;, 7, r; are the end effector
force, torque and location respectively.

Splitting the dynamics enables multi-contact motion generation by only consider-
ing the unactuated dynamics or centroidal dynamics of the robot. Subsequently,
a feasible whole-body trajectory can then be determined based on the centroidal
plan and desired whole body tasks, provided there is sufficient torque author-
ity. This is an attractive approach since it breaks the original highly nonlinear
optimization problem into two simpler sub-problems. A desired motion plan us-
ing the centroidal dynamics can be generated by solving the following discrete
optimal control problem (OCP)

T-1
min . Z ¢ Ct, cta kt) ft7 Tt) + ¢ (CT7 CT» kTa fT7 TT)
cck,f,T =0

s.t. Cii1 = Cy + CtAt

ct+1—ct+z< ]ft +g)At>

7j=1

ke = ke 3 (it e x £+ ) )
=1

Vi V(L) + (£,)° < i

Ve I t]z >0

V1] €W

Ve, €

Co, Co = Cinit; Cinit (4.5)
where ¢!, is the running cost, and ¢ is the terminal cost, At is the time discretiza-
tion, u is the coefficient friction, W is the set of all allowed stepping locations,

Q are the kinematic constraints, ¢;,;;, Cinix are the initial conditions of the robot
center of mass (COM).

The optimal joint trajectory is generated by solving an inverse kinematics (IK)
problem which tracks the optimal centroidal momentum obtained from the previ-
ous step using the centroidal momentum matrix, along with additional full body
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tasks. The generated momentum trajectory from the inverse kinematics problem
is then used as a soft constraint in the centroidal OCP to obtain a refined cen-
troidal trajectory and forces. This process is iterated until the two sub-problems
converge. Finally, inverse dynamics (based on within the Recursive Newton Eu-
ler Algorithm (RNEA)) [Featherstone(8] is used to map state trajectories and
contact forces to actuated joint torques
N
Tavea = M, (q)v + No(gq,v) — > JZjAj. (4.6)

J=1

An overview of the entire framework is shown in Fig. 4.1.
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Figure 4.1: A bird’s eye view of the nonlinear MPC framework [MeduriEtAl122].

Given the current states of the robot qiuit, Vinit, Vinit, desired gait, planning
horizon and velocity, a contact plan is either generated and adapted using the
Raibert controller or pre-defined without contact adaptation for general motions.
The BiConMP framework takes the input states and computes the optimal end
effector forces, joint positions, joint velocities and joint acceleration trajectories
for the entire horizon. Given the desired joint trajectories and contact forces,
we use Eq. (4.6) along with a low joint impedance around the desired states to
compute the desired torques at 1 kHz

T, = Tened; + Kp(Qa; — Qi) + Ki(vai — va;) (4.7)

where subscripts “d” and “a” stand for “desired” and “actual” respectively. The
desired torques is then sent to the robot which are tracked on board at 10 kHz.
The entire full body planning loop is replanned at 20Hz (50ms) to update optimal
trajectories.
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4.2 Observer-Based Controller

As discussed in section 4.1, one important assumption in the MPC controller
framework is that all the states of the robot, ¢ and ¢, are available for the
control task. The joint positions and joint velocities are measured directly by the
encoders, and for now the base placement, q, € SE(3) (position and orientation),
and base linear velocity, v, € R?, are measured by motion capturing system. As
mentioned before, the goal of EKF estimator is to have an accurate estimate of
the robot base state completely based on proprioceptive sensors.

We wish to design an observer-based controller. In this framework, first the states
are estimated by EKF, then they are used by the controller in order to generate
the trajectories for given states and control input. One important aspect of such
a structure, is observability of the states. This problem consists of identifying if
a set of available measurements is enough to be able to estimate the state of the
system. Since in our estimation problem, both the transition and observation
functions in Eq. (3.15) are nonlinear, we need to perform a “nonlinear observ-
ability analysis”. Analyzing the observability characteristics of the underlying
nonlinear system reveals the theoretical limitations of state estimation and can
validate the employed approach. A detailed analysis of observability, when the
measurement model is the base linear velocity measured by the forward kine-
matics of the leg, is given in [BloeschEtAl13b]. We briefly mention two essential
points of this analysis. First, with the proposed EKF, the four dimensional man-
ifold composed of robot’s base position and yaw angle (rotation around gravity
vector g) is always unobservable. The second point is that as long as one foot
is in contact the base linear velocity and robot’s base roll and pitch angles are
always observable.

The unobservability of the base position, and base yaw angle in our proposed
EKF framework imposes some challenges for the control task. In order to deal
with this issue, we would like to distinguish between two types of controllers in
legged robot locomotion, “low-level” and “high-level” control.

The low-level controller is responsible for motion planning and trajectory gen-
eration of the floating base. This controller is an essential part for the task of
locomotion. On the other hand, the high-level controllers are implemented on
top in order to tackle the different tasks such as localization and navigation in
the environment.

For the task of locomotion, we need the robot general configuration (including
base position, orientation and joint positions), and robot velocity (including base
linear, angular velocity and joint velocities). We already mentioned that the
joint positions and velocities are sensed through encoders, and angular velocity is
measured by the IMU. For the observer-based controller the only challenge is the
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unobservability of base position and yaw angle. But for the low-level controller,
and for motions on flat terrain we only need the relative position of the base to
the ground, and the z, y position and yaw angle are needed for high-level tasks.
Therefore, we will see later that by some modification in the proposed EKF, we
can use the estimated states in a feedback scheme with MPC controller in order
to generate the trotting motion on the robot without using any exteroceptive
sensing, such as Vicon or mounted cameras on the robot.

In Fig. 4.2, an overview of the observer-based controller is shown, which is later
tested on Solo12 robot with trotting motion.
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Figure 4.2: An overview of the observer-based controller.






Chapter 5

Results and Discussion

In this chapter, first we introduce the experimental setup used for this project,
then we present the experimental results of performing estimation of the base
states for a variety of different gaits on the quadruped Solol12. We compare
the estimated states by the EKF estimator with the states measured by motion
capturing system (Vicon), as the ground truth.

5.1 Experimental Setup

This section describes components and hardware which are used as the experi-
mental setup (as shown in Fig. 5.1) in this project. For more details, one can
refer to [Grimminger21].

Solo12 Quadruped

The Solo12 quadruped robot, with the total weight of 2.5 kg, consists of:

e A body module and 4 identical 3DoF legs.
e A wire connection for power supply and Ethernet communication.

e Electronics including: master board, micro drivers, brushless actuator mod-
ule, inertia measurement unit (IMU).

e Vicon object with reflective markers.
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Figure 5.1: Experimental setup.

Motion Capture System - Vicon

Motion capture is a technology to track the motion of an object or a fixed marker.
Its high frequency and accurate information allow closing control loop reliably
for high dynamic motions. The frequency of the capture system is 1 kHz with
max latency of 15 ms (including communication between Vicon workstation to
destination PC via network). The motion capture system used for this project is
Vicon V-16 as shown in Fig. 5.1. It provides the base position and orientation of
the robot with accuracy up to 63 &5 um. The system consists of:

e 6 motion capturing cameras around the robot.
e Motion capturing software.

e Vicon object with markers on the robot.

5.2 Experimental Results

As mentioned in section 1.1, the final goal of developing legged robot platforms
is to deploy them in different environment, in such a way that they can reliably
locomote across rough terrain and be stable in the presence of disturbances. For
this reason, we inspect our estimation framework with different basic motions,
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necessary for having robust quadruped locomotion. These motions are mainly,
maintaining balance while all feet are in contact and the base of the robot is
rotating, trotting forward and backward in order to be able to navigate in the
environment, and finally jumping forward and backward in case that the robot
needs to jump over some obstacles on the ground.

We analyze our estimation framework with four different motions:

1. Moving the base while balancing.
2. Trotting gait (using diagonal legs is pairs).
3. Jumping motion.

4. Trotting gait with EKF.

For the first motion, a trajectory is generated using the trajectory optimization
framework, and a whole-body controller is used to track the trajectory while
satisfying friction cone constraints. For the other motions, we are using the
MPC and observer-based controllers introduced in chapter 4. For the first three
motions, we use the motion capturing system to measure the base states and we
feed it in our MPC controller.

We investigate the performance and limitations of EKF framework in each mo-
tion, by comparing the graph for the estimated states (position, orientation, and
linear velocity of the base) with the ground truth (measurement from Vicon).
Finally in the forth scenario we use the proposed observer-based controller in-
troduced in section 4.2 with some modification in order to close the control loop
around the estimated states for trotting motion. We show that by considering
the robot’s base remaining at the same height during this motion, we can use the
EKF estimator in an observe-based controller to control the robot locomotion
without using any measurement from motion capturing system.

5.2.1 Moving the Base while Balancing

The first scenario we consider, is a motion in which we move the base without
any contact switching Fig. 5.2. The main goal of this test is to evaluate the qual-
ity of the estimated states in isolation from uncertainties introduced by contact
switching, and as well as our contact detection framework as described in the
section 3.5.

The estimated states are shown in Fig. 5.3 for the base position, in Fig. 5.4 for
the base linear velocity, and in Fig. 5.5 for the base orientation. As expected,
we have an accurate estimation for the observable states, linear velocity, roll and
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pitch angles of the base. Root mean square error (RMSE) values for these states
are given in table 5.1. Considering the unobservability of the position and yaw
angle of the base, we can explain the drift seen over the time for these states.

Figure 5.2: Snapshots of the first motion scenario.
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Figure 5.3: Motion #1: Estimation of the base position.

Table 5.1: Motion #1: RMSE values.

Linear velocity (m/s) Rotation (rad)
|78 vy V. Roll Pitch
RMSE 0.0163 0.0147 0.0170 0.0021 0.0104
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Figure 5.5: Motion #1: Estimation of the base orientation.
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5.2.2 Trotting Gait

In the second scenario, we consider a more complex motion involving intermittent
contact switching, Fig. 5.6. In this test a desired velocity in the x-y direction, by
using a joystick, is given to the nonlinear MPC controller as an input command;
and we move the robot a few meters around for one minute.

Although we have discontinuities caused by the contact switching in this motion,
the magnitude of these discontinuities for the estimated linear velocity Fig. 5.8,
roll and pitch angles Fig. 5.9, of the base are comparable to the Vicon mea-
surements, indicating the accurate estimation of the observable states with small
RMSE values as shown in table 5.2.

Figure 5.6: Snapshots of the second motion scenario (trotting).

The drift in the position Fig. 5.7, and yaw angle Fig. 5.9, are explainable by the
unobservability of these states. Notable sources for the drift are the inaccurate
leg kinematics, the fault-prone contact detection and the noise introduced in the
estimation framework at each contact switching.

Contact detection is performed, based on Eq. (3.44), by projecting the joint
torques of each leg through the jacobian into the space of end effector forces,
and applying a force threshold to determine whether each foot is in contact. The
estimated end effector force for the front-left (FL) foot along with the detected
contact for this foot are shown in Fig. 5.10. In order to avoid outliers in the esti-
mated contact, we use higher force thresholds (red and green lines in the graph)
for contact detection in trotting motion, which starts after 5 sec, comparing to
the case when the robot is stationary (from 0 to 5 sec). In the contact estimation
the value 1 indicates that the the foot is in contact with the ground.

Table 5.2: Motion #2: RMSE values.

Linear velocity (m/s) Rotation (rad)
|78 Vy V. Roll Pitch
RMSE 0.0456 0.0266 0.0557 0.0067 0.0071
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Figure 5.8: Motion #2: Estimation of the base linear velocity.
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Figure 5.9: Motion #2: Estimation of the base orientation.
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Figure 5.10: Motion #2: Force and contact estimation for front left end effector.
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5.2.3 Jumping Motion

The third motion we consider, is a jump with commanded velocity to move
the robot in x-y direction, Fig. 5.11. This motion is especially challenging, as
there is considerable impact during landing that could be problematic if a direct
force/torque sensor at the end-effector were used for contact detection. However,
since we are instead using torque measurements in the proposed estimator, we
benefit from the fact that Solo12’s structural and drive system damping filters out
the effect of the impact from measured torque considerably. As demonstrated by
the results for observable states, shown in Fig. 5.13 and Fig. 5.14, our proposed
estimator is performing accurate with small RMSE values in table 5.3, and is not
affected by the impact during landing. The drift in the position Fig. 5.12, is more
affected by the noise introduced to the estimation due to impact.

Figure 5.11: Snapshots of the third motion scenario (jump).

0.01

-0.51

0.751
0.501
0.251

y [m]

i ARAL
0.25 i
0.00-

[m]

— Vicon

Y 0.25
Ll

0 10 20 30 40 50 60
time ]

Figure 5.12: Motion #3: Estimation of the base position.
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Figure 5.14: Motion #3: Estimation of the base orientation.
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Table 5.3: Motion #3: RMSE values.

Linear velocity (m/s) Rotation (rad)
v, v, V. Roll  Pitch
RMSE 0.0370 0.0272 0.1125 0.0036 0.0094

5.2.4 Trotting Gait with EKF

As mentioned in section 4.2, the unobservability of the base position and yaw
angle in the EKF is not affecting the robot’s locomotion at low level control.
Therefore, we only need relative position of the base with respect to end effectors
in order to control the whole body motion planning of the robot. On the other
hand, the global position (with respect to a fixed world frame), and the yaw angle
of the base are needed for the task of localization, navigation and controlling
robot’s motion at high-level.

Considering significant drift in the z-direction of the base position estimated
by the EKF, we correct this value by a constant. We assume that the robot’s
base remains flat and at the same height during the motion. Therefore, we
substitute the value of the base position in z-direction estimated by the EKF by
p. = 0.22 [cm].

By this modification, we rerun the trotting gait with the observer-based con-
troller,and as expected the low-level control is performing same as before han-
dling the task of locomotion perfectly. The results for the base position Fig. 5.15,
linear velocity Fig. 5.16, and orientation Fig. 5.17 are consistent with the results
we had in trotting motion with Vicon cameras.

Table 5.4: Motion #4: RMSE values.

Linear velocity (m/s) Rotation (rad)
v, v, V. Roll  Pitch
RMSE 0.0264 0.0230 0.0439 0.0071 0.0094

5.3 Discussion

Based on the experiments performed in section 5.2, we can summarize the results
as follow:
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Figure 5.16: Motion #4: Estimation of the base linear velocity.



5 Results and Discussion

45

roll [rad]

pitch [rad]

yaw [rad]

-0.051 VoW A T
il

-0.057

0.001 ~—— EKF ¥

0.00 T

0.001

N‘ il : ot AR AR
”!WI”H"‘W‘hfl“imld\M\NdMMMh ,\f"l‘v“\ '\N\M W‘\"‘ 'M\”‘ il "‘m”

—— Vicon

0 10 20 30 40 50 60
time [s]

Figure 5.17: Motion #4: Estimation of the base orientation.

e In all motions, the EKF estimation for the observable states (linear velocity,

roll and pitch angles of the base), is accurate enough for the task of local
stabilization of force controlled legged robot, and this can be verified by the
small RMSE values.

e The unobservable states (base position and yaw angle) estimated by the

EKF are drifting over the time, and this divergence is noticeable for more
dynamic motion. This can be explained by the fact that in highly dynamic
motions the intermittent contact switching of the legs introduces noise to
the estimation framework, which affects the performance of the EKF.

e Since the global position and yaw angle of the base are only important for

the task of navigation and localization, with some modification the EKF
can be successfully used in an observer-based controller in order to handle
the motion planning of the robot in trotting gait.






Chapter 6

Conclusion

6.1 Summary

In this research work, we proposed a state estimation framework based on Ex-
tended Kalman Filtering to fuse inertial measurement unit (IMU) data with leg
odometry (kinematics of a robot’s leg when it is in contact with the ground), in
order to estimate the position, orientation, and linear velocity of a free floating
base with 6 DoF.

First, we investigated the crucial need for such a framework for legged robots
locomotion, and the main reason was the inherent instability of legged robots due
to intermittent contact with the ground. In order to have feedback controllers
capable of planning robust and efficient motions, the knowledge of robots state
at each control step is needed. Some of these states are measured directly with
onboard sensors on the robot such as encoders and IMU, but the robot’s base
placement and linear velocity need external sensing device, or as an alternative
method we can utilize efficient sensory data fusion in order to obtain the base
states computationally, and completely based on proprioceptive sensing.

Then, we examined the related works on state estimation and elaborated on why
the proposed estimation framework was suitable for our research project. In the
next step, the mathematical formulation of the state estimator was derived, and
the results were implemented on the real hardware.

Finally, we evaluated the performance of the resulting estimator for different
motions on the quadruped robot Solo12. The results of these experiments showed
that the estimated observable states from our approach are accurate and perfectly
matching the ground truth data. Furthermore, we showed that our estimator can
be used in a feedback scheme in an observer-based controller with robust behavior
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for trotting motion, which eliminated the need for any external sensing in order
to control the robot locomotion.

6.2 Future Work

As shown in section 4.2, the base position and yaw angle are unobservable with
the proposed estimation framework. In the future work, we are interested in
mounting a stereo camera on the robot, in order to compensate the drift for
unobservable states in the EKF. The visual information from the camera will be
integrated in the EKF as another measurement model. The advantage of this
estimator is that the task of local stabilization and global navigation is done
simultaneously.

All of the above works were based on the assumption of a stationary point of
contact. This assumption is violated every time there are slippages or deforma-
tions of the leg and/or the ground. Contact detection methods can help to reject
sporadic slippage or deformation events. However, when these occur regularly,
they need to be modeled. As an alternative, learning-based methods can be ap-
plied to contact classification problem, in order to make the contact estimation
for each leg more robust and accurate.
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Appendix

A.1 Contents Archive

There is a folder MSC_054_Khorshidi/ in the archive. The main folder contains
the entries

e MSC_054 _Khorshidi.pdf: the pdf-file of the thesis MSC-054.

e Data/: a folder with all the relevant data, programs, scripts and simulation
environments.

e Latex/: a folder with the *.tex documents of the thesis MSC-054 written
in Latex and all figures (also in *.svg data format if available).

e Presentation/: a folder with the relevant data for the presentation in-
cluding the presentation itself, figures and videos.
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