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Abstract

Human and robot tasks in household environments include actions such as
carrying an object, cleaning a surface, etc. These tasks are performed by means of
dexterous manipulation, and for humans, they are straightforward to accomplish.
Moreover, humans perform these actions with reasonable accuracy and precision
but with much less energy and stress on the actuators (muscles) than the robots
do. The high agility in controlling their forces and motions is actually due to
“laziness”, i.e. humans exploit the existing natural forces and constraints to execute
the tasks.

The above-mentioned properties of the human lazy strategy motivate us to
relax the problem of controlling robot motions and forces, and solve it with the help
of the environment. Therefore, in this work, we developed a lazy control strategy,
i.e. task specification models and control architectures that relax several aspects of
robot control by exploiting prior knowledge about the task and environment. The
developed control strategy is realized in four different robotics use cases. In this
work, the Popov-Vereshchagin hybrid dynamics solver is used as one of the building
blocks in the proposed control architectures. An extension of the solver’s interface
with the artificial Cartesian force and feed-forward joint torque task-drivers is
proposed in this thesis.

To validate the proposed lazy control approach, an experimental evaluation
was performed in a simulation environment and on a real robot platform.
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1

Introduction

1.1 Motivation

In many different environments, human and robot tasks include actions such as
grasping and carrying an object, cleaning a surface, etc. These tasks are performed
by means of dexterous manipulation, and for humans, they are straightforward
to accomplish. Moreover, the accuracy and precision of their motion and force
execution are, at the specific time instance, automatically adapted based on the
task requirements. Nevertheless, humans perform these tasks with reasonable
accuracy and precision but with much less energy and damage to the actuators
(muscles) than the robots do. The high agility in controlling these forces and
motions is actually due to “laziness”, i.e. humans exploit the existing natural
forces and constraints to execute tasks with the least energy, time and planning
required [7]. While performing the motions and producing forces, humans make
mistakes and they are constantly performing goal-directed corrections [8] until they
reach the goal [9]. This lazy strategy allows for high performance even without
burdening the task control with hard and artificial constraints.

The justification and motivation for creating this type of control, in the context
of robotics, comes from the fact that model parameters of a robot and its environ-
ment are not completely accurate. For example, inertial parameters of a robot,
pose and size of objects in our environment always come with an error [10], [11].
Some parameters are even unknown and time-varying, e.g. friction parameters [12].
It is only possible to have an approximation of these models. Moreover, in the
sensors used for providing feedback information, noise and uncertainties always
exist [13], [14]. The above-mentioned properties of the human lazy control strategy,
motivate us to relax the problem of controlling robot motions and forces and
solve it with the help of the environment. In other words, relax force and motion
constraints, and not look for optimal control solutions but rather for ones that are
good enough.
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1.2 Use Cases and Challenges

In order to understand how to relax the control of robot motions and forces,
we can first consider several robotic use cases and their related challenges.

Pre-Grasp Motion: The first use case is represented by a task that requires
the robot to perform a pre-grasp motion before grasping an object. A robot can
complete this task in different ways, for example, i) in a traditional way, by first
estimating the pose of the object and then performing a “blind” motion towards
the goal state or, ii) in a more intelligent way, by performing the motion in a visual
servoing manner, i.e. by constantly adjusting its motion based on the feedback
received from a camera or any other sensor. The challenges in this use case are:

• Accurate guiding of the robot towards the goal state while satisfying the
imposed constraints, i.e. bounds on the robot’s motion. These constraints
are usually derived from the accuracy and precision tolerances or even
environmental limits such as, for example, the minimum distance to an
obstacle, and so on.

• Reactivity of the system to the effects which cannot be estimated in a single
time instance but require a longer time horizon to be visible [15]–[17]. More
specifically, early and smooth robot reaction to future events, such as motion
deviations from the imposed bounds, collisions with obstacles, reaching joint
limits, etc.

Following a Pre-defined Path: The second use case considers the task of
welding metal components. Here, the robot is requested to follow a user-defined
Cartesian path. The challenge in this use case is the accurate tracking of predefined
position waypoints along the path. In addition, the same challenges that are
necessary to be addressed in the first use case hold in this scenario as well.

Cleaning a Surface: The third use case considers the task of cleaning a surface
(a table for instance). This task involves explicit control of the robot’s Cartesian
forces, together with control of its motion variables. For that reason, the challenge
in this use case is sufficiently accurate execution of desired forces, in directions
in which contacts with the environment are maintained. In addition, the same
challenges that are necessary to be addressed in the second use case hold in this
scenario as well.

Transporting an Unfamiliar Package: In the fourth use case, a robot arm is
transporting an unfamiliar package without knowing its mass and inertia. When
the robot’s end-effector grasps an object, inertia and mass of the controlled system
change. Thus, the challenge in this use case is the adaptation to the aforementioned
changes in model parameters, i.e. compensation for an unknown load on the robot’s
end-effector. Additionally, the same challenges that are necessary to be addressed
in the first use case hold in this scenario as well.
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Common challenges: Lastly, the common challenges for all the above-mentioned
use cases are:

• Minimized energy consumption throughout the execution of the desired robot
task. In other words, low electrical energy to power the system’s actuators.

• Ability for resolving robot motions even in the case of incomplete task
specifications [2], i.e. in the case when some of the DOFs are left unspecified
in the task definition [18].

1.3 Contributions

The contributions of this master’s thesis are:

• A lazy control strategy, i.e. task specification models and control architectures
that relax several aspects of robot control.

• Application of the Adaptive Bias Adaptive Gain (ABAG) controller and
Popov-Vereshchagin hybrid dynamics solver in different real-world use cases.

• Extension of the Popov-Vereshchagin solver’s interface with the artificial
Cartesian force and feed-forward joint torque drivers.

• An evaluation of the proposed lazy control strategy in a simulation environ-
ment and on a real robot platform.

1.4 Thesis Outline

The structure of this master’s thesis is the following:

Chapter 2 presents the state of the art in the fields of robot dynamics, motion
control and planning.

Chapter 3 describes the identified problems and the task of this thesis.

Chapter 4 presents a detailed review of the original Popov-Vereshchagin hybrid
dynamics solver and the proposed solver’s extension.

Chapter 5 presents a detailed review of the Adaptive Bias Adaptive Gain
(ABAG) controller.

Chapter 6 presents the realization of the lazy control strategy in four different
use cases.

Chapter 7 presents an experimental evaluation of the proposed control strategy
in three different use cases.
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Chapter 8 concludes the work of this thesis and outlines the future work
directions.
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2

State of the Art

2.1 Robot Dynamics

The interactions of forces and motions of rigid bodies are studied by the field
of dynamics. Equations that describe these quantities are evaluated by dynamics
algorithms, which perform calculations for the variables of interest. In robotics,
two main types of the problem for which these calculations are performed involve
the forward and inverse dynamics. Here, the forward dynamics (FD) deals with
the computation of accelerations that result from applied joint and Cartesian
forces. On the other side, the inverse dynamics (ID) deals with the computation
of forces that are required, to be generated in the system’s actuators, for a robot
to move with desired joint or Cartesian accelerations. An additional problem for
which dynamics algorithms are used include hybrid dynamics (HD) computations,
that deal with the combined problem of inverse and forward dynamics [19]. More
specifically, the goal is to compute both unknown forces and unknown accelerations
in the system, in the case when for certain joints/segments forces are known
(specified) and for other joints/segments accelerations are known (specified). An
additional aspect in the field of dynamics, to be considered, is the resolution of
constraints imposed on the rigid body motions. These constraints can be artificial
(e.g. desired motion specified by the task definition) and physical (e.g. contact
between two bodies) [19].

Different types of dynamics algorithms are used for finding solutions to the
aforementioned problems:

• The Recursive Newton-Euler algorithm (RNE) used for solving the inverse
dynamics problem, for specified joint space accelerations.

• The Articulated-Body Algorithm (ABA) used for solving the forward dynamics
problem, for specified joint space forces.

• The Articulated-Body Hybrid Dynamics Algorithm used for solving the hybrid
dynamics problem; it represents an adaptation/extension of the aforemen-
tioned ABA [19].

• The Popov-Vereshchagin algorithm used for solving the hybrid dynamics
problem, by resolving Cartesian acceleration constraints imposed on robot’s
segments and additionally computing the resulting motion from the required
joint forces that realize the above-mentioned constraints [2]–[5].

25



2.2. Motion Control and Planning

Commonly used implementations of the above-described dynamics solvers can
be found in the following open source software solutions:

• Kinematics and Dynamics Library (KDL): used for constructing robot kine-
matic chains and computation of robot motions [20]. Beside the kinematics
algorithms, the library also includes an implementation of two dynamics algo-
rithms: Recursive Newton-Euler and Popov-Vereshchagin solvers. Moreover,
this library can be used as a standalone software tool or even in connection
with the Robot Operating System (ROS) [21] framework.

• Rigid Body Dynamics Library (RBDL) [22]: contains implementation of
three dynamics solvers, Recursive Newton Euler Algorithm, Composite Rigid
Body Algorithm and Articulated Body Algorithm. Additionally, the library
includes algorithms for solving forward and inverse kinematics problems, as
well as algorithms for contact handling problems.

• RobCoGen: a code generator software library developed to generate efficient
code for computations of the robot’s dynamics and kinematics [23]. The
code is optimized for a specific robot model that is given as an input.

• Other common examples include: Pinocchio [24] and JRL-RBDyn [25]
libraries.

The above-mentioned software solutions are used as part of both robot simula-
tors and control pipelines.

2.2 Motion Control and Planning

In practice, when it comes to executing the computed motions (i.e. resolved
motions via some of the above-described techniques), many problems exist due
to uncertainties in the robot’s system and environment. These uncertainties
include an inaccurate model of the robot’s dynamics, sensor noise, unknown model
of the environment, etc. [14]. A research field that is addressing challenges in
controlling and planning robot motions, aims to provide solutions for smooth,
accurate, stable and reactive task execution [6], [10]–[14], [16], [26]–[30]. The
best-known representatives are the following.

2.2.1 PID Control

For enabling feedback closure and adjusting of the control commands in run-
time, instances of the PID controller family are frequently used [12], [26], [31]. The
reason why it is so frequently applied, especially in industrial applications [14], is the
fact that this control technique is simple to implement and interpret. This method
is used in many aspects of the robot motion control; starting from the regulation
of a single joint motion, up to controlling a motion execution of the complete robot
systems. The controller is very often used in combination with a joint space inverse
dynamic solver [13], [19], to enable performant joint space trajectory tracking [32].
However, it is mainly designed for controlling linear systems and when it comes
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to applying this type of control on nonlinear systems, many nonlinearities, such
as friction, saturation, hysteresis, etc. need to be ignored [33]. Additionally, the
system’s parameters are often inaccurate and some of them are even unknown. For
the aforementioned reasons, when a nonlinear system leaves the operational range
around which was linearized, the performance of this type of controller reduces
and it may even become unstable [33]. Thus, to provide a better performance in
the motion execution of the nonlinear and complex systems such as robots, we
require nonlinear control techniques [13].

2.2.2 Sliding Mode Control

One of the most frequently used nonlinear control methods for controlling
mechanical systems is the Sliding Mode Control (SMC) [10]. Mainly because of its
robustness to system’s uncertainties (incorrect and unknown model parameters)
and external disturbances [10], [34]. Here, the robustness is enabled by a switching
function that defines a change of the control law, i.e. a change of the feedback
controller that is used in a particular time instant during the control operation [34],
[35]. The switching function, together with its predefined control laws, is forcing a
system to 1) reach a predefined sliding surface (reaching phase), and 2) continue
“sliding” within boundaries of this manifold (sliding phase). Here, a sliding surface
defines a state subspace in which the system’s behaviour is normal. A decision on
which particular controller should be used in the current time instant is based on
the current error in the system’s motion. Here, an error value defines how much the
system deviates from its normal behaviour (sliding surface). In comparison to this
control strategy, the PID controller differs in a way that it defines only a single type
of control law and it is used regardless of the current system’s error [15]. However,
the downside of the SMC technique is that it produces a discontinuous control
signal [34] which may induce chattering in the system’s motion. Nevertheless,
several approaches were proposed to remedy this problem, and the most successful
ones are the low-pass filtering, higher-order control, and adaptive control [13].
These approaches, especially Adaptive Sliding Mode Control (ASMC), have shown
high-performance results in controlling complex robot systems, such as robot
manipulators and humanoid robots [10], [13].

2.2.3 Adaptive Bias Adaptive Gain Control

In [6], the authors have presented a novel technique for controlling the thrust
of a multi-rotor aerial platform, called Adaptive Bias Adaptive Gain (ABAG)
controller. However, this control method is suitable for providing a reliable task
execution on various other types of mechanical systems, as well. The main feature
of this algorithm is that it approximates dynamics of the controlled system based
on a trend in the instantaneous motion error or, in other words, by looking in
the past-time error horizon; even without the necessity for a model of the system
[6]. The information about the approximated system’s model is resembled by the
controller’s bias term, which is constantly updated together with the controller’s
gain term, by following a trend in the motion error. In the original publication [6],
the waveforms of both bias and gain terms are represented by fixed functions that
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authors refer to as decision maps and these functions are defined beforehand by a
control designer. This enables better predictability and stability of the system’s
behaviour, compared to, for example, the PID controller, where its control signal
depends exclusively on the error. Additionally, a control designer chooses maximum
values for the bias and gain terms by limiting its respective decision maps. This
feature enables the possibility of limiting the controller’s output, such that a
wind-up situation does not occur [15].

2.2.4 Impedance Control

Robot tasks that involve interaction with the environment, such as, for example
grasping an object, polishing a surface, etc. require a controller that is capable of
properly handling contact forces. More specifically, used control approach must
ensure a compliant behaviour of a robot. This capability is important for enabling
safe interaction, i.e. avoiding breakage of the robot and environmental parts that
are involved in a contact [14]. The importance of this type of control increases
when humans are involved in the interaction [29]. Today, the most frequently used
type of control for meeting this requirement is the Impedance Control [29], [36].
Other types include admittance control, hybrid force/position control, etc. [14]. In
the context of impedance control methodology, the controlled robot is described as
a spring-damper-mass system, on which a desired dynamic behaviour is imposed,
while moving freely or interacting with the environment [29].

The robot impedance can be enabled in two ways, passively and actively. The
passive impedance control can be enabled by equipping the robot system with
flexible parts (joints and/or links). In this case, the mechanical impedance of the
robot can only be adjusted physically, by making hardware changes directly on the
robot. On the other side, an active impedance of the robot is enabled via software
solutions and this type of control can work even if a robot consists completely
of rigid body parts. Nevertheless, when combined, passive and active impedance
control can produce very performant robot behaviour [37].

Different impedance controllers can be classified in several ways and the most
important classifications define Cartesian space and joint space impedance control.
The (active) Cartesian space impedance control is the most often used technique.
Here, the robot end-effector’s impedance is being regulated, while the robot
is following a pre-defined Cartesian space trajectory and being subject to the
forces originating from a contact with the environment. In the case of joint space
impedance control, compliance in robot joints is enabled while the robot is following
a joint space trajectory [38]. However, this type of control can be derived for
each joint separately, and this approach is particularly useful for tasks of avoiding
joint limits in a smooth manner. Nevertheless, combined, these two types of
impedance control approaches can enable the whole-body control of a robot, i.e.
end-effector and null space control in a single approach [38]. The rationale for this
combined approach is not only improved safety but also improved overall stability
and precision, in the case when the robot consists of redundant degrees of freedom
(DOFs) [29].

The most important feature of this type of control is that an accurate model
of the environment is not required for limiting contact forces, i.e. ensuring desired
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compliance of the robot. However, this controller also has its drawbacks. The
procedure of tuning the impedance controller depends on many factors, such as
task requirements, hardware capabilities and availability of feedback. Moreover,
a control designer very often needs to make a trade-off between precision and
stiffness of its robot [29]. For instance, while the robot is in a contract with the
environment, the preferred dynamic behaviour is to have a low stiffness of the
robot, i.e. a small contact force to ensure sufficient safety. However, while ensuring
a low stiffness of the robot, relatively large motion errors are likely to occur [14].

2.2.5 Model Predictive Control

The major challenge in applying robots in real-world scenarios are dynamic
environments [11]. To cope with all uncertainties and unpredicted disturbances, a
robot must be reactive while performing its motions. For providing a solution to
the aforementioned requirements, currently, in the literature, the most popular
method is the Model Predictive Control (MPC) technique [39]. Various MPC
approaches were applied for planning and controlling motions of many types of
robots, including robot manipulators [40], legged systems [28], [41], unmanned
aerial vehicles [11], etc. [16]. This model-based control methodology encompasses
two aspects of robot motion in a single approach: continuously (re)planning
trajectories and computing the control commands that enable accurate tracking of
the derived motion plans [11].

An MPC approach is (online and repeatedly) resolving a constrained Optimal
Control Problem (OCP) [39]. Here, an OCP is defined by a cost function that
is subject to equality and inequality constraints. In robotics applications, the
most frequent setting of the OCP includes a cost function that is defined by the
weighted sum of three quantities: terminal, integral and action costs [28]. Here,
the terminal value represents a cost of the robot’s final state, the integral value
defines a cumulative cost of the intermediate states that are supposed to be covered
towards the final state, and finally, the action cost represents a distance between
the previous and current vector of control commands, considered throughout the
optimization. The reasoning for including the last part of the cost function is a
desire to enable a smoother transition between two consecutive robot states [27].
On the other side, the constraints are usually defined based on a model of the
contact forces, joint limits, obstacles in the environment, etc. [41].

The future robot states, i.e. effects from applying the considered control com-
mands, are predicted by evaluating the robot’s dynamics model. The optimization
result, at each step of the control loop, represents a locally optimal trajectory
that is defined by a set of optimal future states and a set of optimal control
commands required for governing the robot towards these states [42]. However, the
feedback control is enabled by applying only the first control command, from the
aforementioned set, on the real robot system, in each iteration of the MPC control
loop [28]. Very often, the time horizon used in predictions is finite and short,
in order to enable the real-time capability of the computations. The algorithms
considered for optimizing a cost function in the MPC techniques include meth-
ods such as single and multiple shooting, direct collocation, differential dynamic
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programming, interior-point methods, etc. [39], [41]. Due to high computational
expenses, which are common in the MPC approaches, optimization algorithms are
very often time-constrained in searching for the optimal solution [16]. For that
reason, the computed optimum is in most cases a suboptimal solution [41], [42].
Additional approaches for improving the efficiency of MPC techniques are based on
the derivatives of dynamics [43] and they are mostly used for system linearization
and estimation of the gradient [40], [42].

For performing the MPC computations online, i.e. enabling a real-time im-
plementation of this control strategy, in many applications, powerful processing
hardware components are required to be integrated on a real robot system [16].
These requirements come from the fact that throughout the optimization (in every
iteration of the control loop and for each step in prediction horizon) the whole
dynamics of the system needs to be evaluated [28], [41].

2.2.6 Other Approaches

In the literature, many other approaches for motion planning and control
exist [14]. However, in this section, the ones that should also be mentioned are
1) the Sampling-Based algorithms [14] such as, for example, Rapidly-Exploring
Random Tree (RRT) [44] and Probabilistic Roadmap (PRM) [45], and 2) a strategy
called Dynamic Movement Primitives (DMP) [46].

Sampling-Based strategies are based on random sampling of robot configurations
in a feasible subspace of motion, that is free of joint limits and singularities.
The sampling is biased towards the goal state; all neighbouring states in the
configuration space are connected if the transition between two states does not
involve a contact with an obstacle. This procedure is repeated until the complete
robot trajectory, from initial to the desired state, is generated. The aforementioned
algorithms are usually computationally expensive because, in this case, it is required
to cover a large motion subspace until a solution is found [14].

The DMP refers to a strategy for generating reactive robot motion plans.
This motion planning technique is very often used in the combination with a
PID controller, to ensure accurate execution of the planned motions [46]. In this
learning-based approach, the idea is to use a learning from demonstration method
such that the robot learns a set of basic (primitive) motion plans towards the
predefined goal states. After the learning procedure is completed, for every new goal
state that is given as input to the algorithm, this approach is generating new robot
trajectories by generalizing to the already learned (stored) trajectories. Once the
“offline” procedure of training is completed, performing the “online” generalization
procedures is not computationally expensive. However, it is time-consuming to
enable this type of motion planning on a real robot. This is due to requirements
for performing, i.e repeating the training procedure for every larger modification
of desired robot tasks [47].

These approaches are mostly used for generating motion plans. Nevertheless,
some extensions consider aspects of motion control as well. The aforementioned
techniques are frequently used because they are simple to implement. However,
due to their stochastic properties, both of the aforementioned approaches share
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the same drawback. Unpredictability in the results from trajectory computations
exist and thus, while using these methods for performing tasks, unforeseen robot
behaviours may occur. Additionally, they do not make use of any model-based
knowledge to resolve the motion planning problem. These properties make the
above techniques not well suited for robot tasks that are subject to real-world
settings.

2.3 Whole-Body Task Driven Robot Dynamics and Control

Highly redundant robot mechanisms with multiple end-effectors, such as, e.g.
humanoid robots, require specification of the control tasks that are based on, not
only the motions of a single end-effector but also, the motions of other parts
of the robot, such as, legs, head, torso, etc. [47]. Several different approaches
were considered for both, resolving and controlling, in a single framework, the
imposed constraints on the whole-body instantaneous motions [48]–[50]. The most
important representatives are the following.

2.3.1 The Operational Space Formulation (OSF)

To model and enable task-oriented whole-body control of robots, the Oper-
ational Space Formulation (OSF) approach was introduced in [48] and later on
extended to Whole-Body Operational Space Control (WBOSC) framework [47],
[51]–[54]. The framework establishes the prioritized (instantaneous motion) control
hierarchy among three different control categories: 1) joint-limits and self-collisions,
operational tasks (such as manipulation and locomotion) and posture tasks (e.g.
maintaining balance) [53]; 2) avoiding obstacles; 3) environmental constraints han-
dling tasks (e.g. contacts). However, this control technique can only account for
equality type of constraints [52]. Nevertheless, the methodology formulates tasks
dynamics in such way that it prevents violation (conflicting) of the higher priority
tasks by the lower priority tasks and additionally, enables runtime monitoring
of the robot’s behaviour feasibilities [47], [52], [53]. For example, if unexpected
obstacle occurs in the preplanned trajectory of the robot, the controller will detect
a task in-feasibility before the collision occurs, and based on user input or a
predefined control policy, the task can be modified to avoid the obstacle (without
violating the higher-level constraints) or stop the motion. This characteristic of
the prioritized hierarchy enables for the controller to detect an in-feasibility of
a certain task by monitoring if the Jacobian of the respective task has become
singular or not, in the computations of the instantaneous motions [52].

2.3.2 Stack of Tasks (SoT)

This instantaneous whole-body task-based control scheme was introduced
in [49], [55] and extended in [56]–[60]. The framework is used for hierarchical
(instantaneous motion) control of redundant manipulators and humanoid robots,
where the motion task is specified with both equality and inequality constraints [61].
To enable a hierarchical stack of tasks, authors have defined a methodology where
the lower priority tasks are recursively projected in the remaining motion null-space
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of higher priority tasks. Here, the task specification is defined as a hierarchical
quadratic problem (HQP), with the multiple quadratic programs in priority order
sequence [57]. A typical quadratic program consists of a cost function that is
being minimized and it is subject to artificial and/or physical constraints [59]. To
solve recursively each minimization problem they use a domain-independent HQP
active search algorithm [60], [62]. Additionally, for resolving the motions authors
introduced slack variables in the constraint equations to transform from inequality
to equality form of constraints.

2.3.3 iTaSC

This instantaneous motion control framework was introduced in [50], [63]
and the name stands for “instantaneous Task Specification and Control”. In
order to control robot systems with multiple sensors, the authors have defined an
approach where the task is represented by a relative motion with possible dynamic
interactions among objects that are part of robot system or the environment. With
this framework, a task programmer describes the task by specifying constraints
on forces and relative motions between objects. Examples for such variables are:
pose of the robot’s end-effector with respect to a laser scanner, or the orientation
of an object with respect to a camera mounted on the robot. For expressing
tasks/constraints, the authors have introduced two types of coordinates in their
framework, feature and uncertainty coordinates, both with respect to object and
feature frames. Here, the feature coordinates are used to represent relative motions
or interactions between features on specific objects. On the other side, uncertainty
coordinates are used for representing geometric uncertainties, which can be involved
due to disturbances in the environment, calibration errors in the robot arm, etc.
The uncertainties included in this approach, represent the major difference in
comparisons with other approaches. By using the aforementioned coordinates,
authors have reduced errors in the task execution. In the initial iTaSC approach,
inequality constraints were not included in computations of robot motions, but
later on, researches have reformulated the approach as a convex optimization
problem [64], [65], to account for this type of constraints, as well.
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Problem Formulation and Task

Description

In order to enable correct execution of robot tasks, such as the ones presented
in section 1.2, the current state of the art approaches such as MPC [11], [28], [41]
or, a group of sampling-based motion planning algorithms [45], [46] are mainly
concentrated on planning robot trajectories and applying a controller for their
accurate tracking. Explicit constraints are imposed on various variables in the
control of robot motions and forces, such as constraints on the state variables,
force increments, a maximum value of the system’s output, etc. However, the
resulting robot motions are not characterized by high agility since the motion
plans are over-constraining the system. Additionally, the constraints are resolved
by computing a solution to an optimization problem [14], [28], [44], [46], therefore,
the computations of motion plans usually become expensive. Moreover, these
strategies are resulting in the setpoint tracking control for each step along the
path, which is not required for most applications.

When it comes to addressing the challenge of reactivity to the effects which
cannot be estimated in a single time instance, but require a longer time horizon to
be visible [15]–[17], the above-mentioned MPC strategies [11], [28], [41] perform
expensive predictions of future robot states. The reason why these techniques lead
to high computational expenses is the fact that whole robot dynamics is evaluated
for each step considered in the future time horizon and this procedure is repeated
in every iteration of the control loop.

For solving the control problem presented in the third use case (section 1.2),
i.e. enabling explicit control of robot’s Cartesian forces together with the control
of its motion variables, current control strategies, such as, for example, [66], [67],
are designed to maintain predefined force setpoints. However, in this way, the
approaches are over-constraining the control of robots, which is not necessary for
most applications.

For addressing the problem presented in the fourth use case, i.e. the problem of
compensating for an unknown load on the robot’s end-effector, current approaches,
such as [68], [69] are aiming for the exact estimation of load parameters by intro-
ducing additional computations in their control loops. However, these approaches
are not exploiting the already existing data - processed in computations of control
signals and dynamics - to extract information about the load exerted on the robot.
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Finally, the aim of this project is to develop task specification models and
control architectures that relax the control of robot’s motions and forces, i.e.
enable a lazy robot control, by exploiting prior knowledge about the tasks and
environment. Furthermore, the task of this work includes an evaluation of the
proposed approach in order to show its feasibility.
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Operational Space Hybrid

Dynamics

In the related work sections 2.1 and 2.3, the importance of robot dynamics
properties and calculations has been presented. To control a robot in the operational
space, it is necessary to compute required joint space commands which will achieve
the motion and force constraints imposed on the robot. However, in this work,
the Popov-Vereshchagin acceleration-constrained hybrid dynamics (ACHD) solver
is chosen as a building block for resolving robot dynamics, given the operational-
space control commands. Additionally, here, the ACHD algorithm’s interface is
extended to also account for specifications of artificial Cartesian force and artificial
feed-forward joint torque task drivers. The original solver and its extension will
be reviewed in more details, in the following.

4.1 Description

In 1970’, researchers [1], [2], [70], [71] have developed a hybrid dynamics
algorithm for computing the required joint control commands based on the defined
Cartesian acceleration constraints, feed-forward joint torques and the external
Cartesian forces from the environment. The solver is derived from a well-known
principle of mechanics - Gauss’ principle of least constraint [72] and provides a
solution to the hybrid dynamics problem with linear-time, O(n) complexity [3].

In general, the Gauss’ principle states that the true motion (acceleration) of a
system/body is defined by the minimum of a quadratic function that is subject to
linear geometric motion constraints [72], [73]. The result of this Gauss function
represents the acceleration energy of a body, which is defined by the product of
its mass and the squared distance between its allowed (constrained) acceleration
and its free (unconstrained) acceleration [74]. In the case of originally derived
Popov-Vereshchagin algorithm [1], geometric motion constraints are Cartesian
acceleration constraints imposed on the robot’s end-effector. This domain-specific
solver minimizes the acceleration energy by performing computational (outward
and inward) sweeps along robot kinematic chain [3]. Furthermore, by computing the
minimum of Gauss function, the Popov-Vereshchagin solver resolves the kinematic
redundancy of the robot, when a partial motion (task) specification is provided [2].
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4.1. Description

The Gauss function that is minimized by the solver is formulated as [3], [4]:

min
q̈
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where term Z represents acceleration energy of the complete mechanical sys-
tem [72], and the unit of this quantity is acceleration times force [Nm

s2
]. Here,

Ẍ denotes a spatial 6 × 1 vector of acceleration for particular robot segment
(link). This vector contains both linear and angular components defined in Plücker
coordinates [19]. For a more detailed description of spatial vector representation
in Plücker coordinates we refer the reader to [4], [19]. Here, a kinematic chain is
structured in such a way that the indexing of segments starts from 0 and ends with
N, while the joints are numbered from 1 to N. Additionally, the kinematic chain
structure defines that the joint i connects two adjacent segments, proximal i−1 and
distal i [2], [4], [5]. Matrix I represents spatial rigid-body inertia and Fbias defines
a spatial bias force vector for a particular segment. Joint accelerations are defined
via term q̈. Symbol d denotes joint rotor inertia, while variable τff represents
feed-forward joint torque. Here, the matrix i+1Xi performs the transformation of
the coordinates for the previously defined motion vector Ẍ, from coordinate {i} to
coordinate {i+ 1} [19]. The term S represents the motion subspace matrix, that
defines the motion freedom of a particular joint, based on its physical constraints.
Term AN is a 6×m matrix consisting of spatial 6× 1 unit-column vectors, such
that each column defines the direction of a single constraint force imposed on
segment N (i.e. end-effector) [3]. Each unit-column vector contains both linear
and angular components defined in Plücker coordinates [19]. Finally, bN denotes
the m× 1 vector of desired acceleration energy for segment N .

The linear constraints presented in equation 4.1, together with the quadratic
objective function, define a constrained optimization problem that requires two
optimization methods for solving it, i.e. for deriving the Popov-Vereshchagin
algorithm [1]. Using those two approaches, the constrained optimization problem
is transformed into an unconstrained optimization problem and solved analytically.
In the first step of algorithm derivation, the original formulation (equation 4.1) of
the optimization problem was translated to the following form [2], [3]:

min
q̈, ν

Z(q̈) + νT (AT
NẌN − bN), (4.2)

using the method of Lagrange multipliers [75]. Namely, the Cartesian acceleration
constraints defined for the end-effector segment (AT

N ẌN = bN) are integrated
into the Gauss function. Here, the unknown term ν represents a variable called
Lagrange multiplier.

The formulation of this optimization problem resembles a linear-quadratic
problem (LQP). The approach of Vereshchagin and Popov used for deriving the
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hybrid dynamics algorithm considers solving this LQP via dynamic programming
technique [76]. Namely, based on Bellman’s principle of optimality [76], the optimal
solution is found recursively by propagating the objective function in a step-wise
manner. More specifically, this procedure is performed by iterating through the
kinematic chain and in each step considering only the dynamics relation between
two consecutive segments of the robot.

A necessary condition that enables this type of closed-form algorithm (an
analytical solution to the above-described optimization problem) defines that the
robot’s kinematic chain does not consist of closed loops, i.e. the robot’s kinematic
chain must be constructed in a serial or tree structure. However, it is always
possible to cut these loops and introduce explicit constrains.
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Representation

For evaluating robot dynamics, i.e. resolving its constrained motion, the Popov-
Vereshchagin solver is performing three computational sweeps (recursions), along
the kinematic chain [3], [4]. More specifically, two sweeps in outward and one
sweep in inward direction. In the case of robot dynamics algorithms, the outward
sweep refers to a recursion that is covering a kinematic chain from proximal to
distal segments, while the inward sweep is covering a kinematic chain from distal
to proximal segments [5]. In more detail:

1. The first, namely outward sweep is governing the computations of motion
transformations X (functions of joint angles q), Cartesian velocities Ẋ

(functions of joint angles q and rates q̇), bias accelerations Ẍbias and rigid
body bias1 forces Fbias, for each robot segment. Here, the existence of bias
accelerations is influenced only by gyroscopic effects [3]. On the other side,
the bias force vector is defined by Coriolis, centrifugal and external forces
imposed on each segment, without accounting for gravitational forces.

2. The second, namely inward sweep is governing the computations of articulated
body1 quantities, namely inertias IA and bias forces FA

bias. Additionally, the
computations are also covering acceleration energy contributions that are
induced by i) bias forces and feed-forward joint torques, and ii) unit constraint
forces. These two contributions are denoted by U and L terms, respectively.
Here, the articulated body inertia and articulated body bias force of each
segment are computed by summing (composing) its rigid body values with the
apparent1 inertias Ia and apparent bias forces F a

bias of its children segments,
along the kinematic chain, respectively [19].

3. Additionally, after completing the recursion in the second sweep and before
starting the recursion in the last sweep, the solver is computing magnitudes
of constraint forces, i.e. ν. More specifically, this operation is performed
when the algorithm reaches link {0}, namely the base segment.

4. The last, also outward sweep is governing the computations of resulting joint
accelerations q̈ and necessary joint torques τ for achieving those accelerations.
Additionally, in this sweep, the computations of resulting spatial accelera-
tions Ẍ, for each segment, are performed. Moreover, the results of these
computations represent final outputs of the Popov-Vereshchagin solver.

In Algorithm 1, the original formulation of the Popov-Vereshchagin solver
is presented. Here, the matrix di

i X represents transformation between proximal
and distal frames of segment {i}. On the other side, the matrix i+1

di
X represents

transformation between distal frame of link {i} and proximal frame of link {i+ 1}
(see figure 4.1). Here, for a pose of a particular segment, we refer to pose of its
proximal frame. In this algorithm, the term X∗ represents a matrix that performs
the transformation of coordinates for spatial force vectors. Symbols × and ×∗

1For more detailed explanation on articulated, apparent and rigid body quantities, reader can
refer to Rigid body dynamics algorithms book, by Roy Featherstone, 2008. [19]
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Figure 4.1: Visualization of segment frame assignments and transformations
between them. Source [4].

represent spatial cross-product operators for motions and forces, respectively.
Symbol D denotes the total inertia on the joint axis, which also covers the previously
mentioned joint rotor inertia d [5]. Finally, term P represents a projection operator
for articulated body inertias and forces [3], [5]. In this formulation of the solver,
the gravity effects are taken into account by setting the acceleration of the base
link (Ẍ0) equal to gravitational acceleration [3].
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Algorithm 1: Original Popov-Vereshchagin ACHD Solver [1]–[5]

Input : Robot model, q, q̇, Ẍ0, τff , Fext, AN, bN

Output : τctrl, τtotal, q̈, Ẍ

1 begin
2 // Outward sweep of position, velocity and bias components
3 for i = 0 to N− 1 do

4
i+1
i X = (dii X

i+1
di

X(qi));

5 Ẋi+1 =
i+1XiẊi + Si+1q̇i+1;

6 Ẍbias,i+1 = Ẋi+1 × Si+1q̇i+1;

7 Fbias,i+1 = Ẋi+1 ×
∗ Ii+1Ẋi+1 −

i+1X∗

0 F ext
0,i+1;

8 FA
bias,i+1 = Fbias,i+1;

9 IAi+1 = Ii+1;
10 end

11 // Inward sweep of inertia, force and acceleration energy contributions
12 for i = N− 1 to 0 do
13 Di+1 = di+1 + ST

i+1I
A
i+1Si+1;

14 PA
i+1 = 1− IAi+1Si+1D

−1
i+1S

T
i+1;

15 Iai+1 = PA
i+1I

A
i+1;

16 IAi = IAi + iXT
i+1I

a
i+1

iXi+1;

17 F a
bias,i+1 = PA

i+1F
A
bias,i+1 + IAi+1Si+1D

−1
i+1τff,i+1 + Iai+1Ẍbias,i+1;

18 FA
bias,i = FA

bias,i +
iX∗

i+1F
a
bias,i+1;

19 Ai =
iXT

i+1P
A
i+1Ai+1;

20 Ui = Ui+1 + AT
i+1{Ẍbias,i+1 + SiD

−1
i ·

[τff,i+1 − ST
i (F

A
bias,i+1 + Iai+1Ẍbias,i+1)]}; UN = AT

NẌ0;

21 Li = Li+1 − AT
i+1Si+1D

−1
i+1S

T
i+1Ai+1; LN = 0;

22 end

23 // Balance of acceleration energy at the base ({0} link)
24 ν = L−1

0 (bN − AT
0 Ẍ0 − U0);

25 // Outward sweep of resulting torque and acceleration
26 for i = 0 to N− 1 do
27 τctrl,i+1 = −ST

i+1Ai+1ν;

28 τtotal,i+1 = τff,i+1+τctrl,i+1−ST
i+1{F

A
bias,i+1+IAi+1(

i+1XiẌi+Ẍbias,i+1)};

29 q̈i+1 = D−1
i+1τtotal,i+1;

30 Ẍi+1 =
i+1XiẌi + q̈i+1Si+1 + Ẍbias,i+1;

31 end

32 end

For more detailed description of the algorithm and its representation, the reader
can refer to [3]–[5].
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4.2 Interfaces

4.2.1 Input

For computing solutions to the constrained hybrid dynamics problem, the
original Popov-Vereshchagin solver [2] takes into account the following inputs:

• A robot model that is defined by: kinematic parameters of the robot chain,
mass and rigid body inertia of each segment, and inertia of each joint rotor.

• Gravitational acceleration of the robot base segment: Ẍ0.

• Joint angles at the current time instant: q.

• Joint velocities at the current time instant: q̇.

• Motion drivers:

– Acceleration constraints imposed on the end-effector: AT
NẌN = bN .

– External forces acting on each segment: Fext.

– Feed-forward joint torques: τff .

The important feature of the Popov-Vereshchagin hybrid dynamics solver is
its ability to take a task specification that is defined by three different motion
drivers [5]. The following outlines the above-listed task interfaces in more detail.

Cartesian Acceleration Constraints: AT
NẌN = bN This first type of mo-

tion driver can be used for specifying physical constraints such as contacts with
environment [3], or artificial constraints defined by the operational space task
definition for the end-effector. To use this interface, a user should define i) the
active constraint directions via AN , a 6×m matrix of spatial unit constraint forces,
and ii) acceleration energy setpoints via bN , a m × 1 vector. Here, the number
of constraints m, or in another words number of spatial unit constraint forces is
not required to always be equal to 6, which means that a human programmer can
leave some of the degrees of freedom unspecified [2] for this motion driver, and
still produce valid control commands [4], [5]. For example, if we want to constrain
the motion of the end-effector in only one direction, namely linear x-direction, we
can define the constraint as [3]:

AN =

















1
0
0
0
0
0

















, bN =
[

0
]

(4.3)

Note that here, the first three rows of matrix AN represent linear elements and
the last three rows represent angular elements, of the spatial unit force defined
in Plücker coordinates [19]. By giving zero value to acceleration energy setpoint,
we are defining that the end-effector is not allowed to have linear acceleration in
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x direction. Or in other words, we are restricting the robot from producing any
acceleration energy in the specified direction.

Another example includes the specification of constraints in 5 DOFs. We can
constrain the motion of robot’s gripper, such that it is only allowed to move in the
linear z-direction, without performing angular motions:

AN =

















1 0 0 0 0
0 1 0 0 0
0 0 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1

















, bN =













0
0
0
0
0













(4.4)

For both above-described task examples, the Popov-Vereshchagin solver will
compute valid control torques, even though some of the Cartesian DOFs are
left unspecified. More specifically: “Underconstrained motion specifications are
naturally resolved using Gauss’ principle of least constraint” [5]. For instance, in
the second example, natural resolution of the robot motion would define that the
end-effector “falls” due to effects of gravity, with the assumption that gravity forces
are acting along z-direction.

The last example involves the specification of desired motion (in this case,
non-zero accelerations) in all 6 DOFs:

AN =

















1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

















, bN = AT
N ẌN (4.5)

The reader should note that we are can directly assign values (magnitudes) of
spatial acceleration 6× 1 vector ẌN to the 6× 1 vector of acceleration energy [3].
Even though physical dimensions (units) of these two vectors are not the same, the
property of matrix AN (it contains unit vectors), permits that we can assign values
of desired accelerations to acceleration energy setpoints, in respective directions.
Namely, each column of matrix AN has the value of 1 in the respective direction
in which constraint force works, thus it follows that the value of acceleration
energy setpoint is the same as the value of Cartesian acceleration, in the respective
direction.

External Forces: Fext This type of driver can be used for specifying physical
Cartesian forces acting on each robot segment. Examples for a physical force on a
segment can be: i) a known weight at the robot’s gripper, for instance, a grasped
cup or ii) a force from a human pushing the robot [5].

Feed-Forward Joint Torques: τff This type of motion driver can be used for
specifying physical joint torques, such as e.g., including static friction torques in
computations of motion [4], as it will be described in section 4.3.1.
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4.2.2 Output

This recursive dynamics solver is computing several quantities that represent
solutions to both, inverse and forward dynamics problems, or in other words
solutions to the constrained hybrid dynamics problem. More specifically, the
output interface of the original Popov-Vereshchagin algorithm consists of of [3]–[5]:

• Magnitudes of constraint forces that act on the end-effector, denoted by the
previously-mentioned Lagrange multiplier: ν.

• Joint space control commands, i.e. joint torques required for achieving the
desired (task-defined) behaviour of the robot: τctrl.

• Argument that defines the solution to the originally formulated optimization
problem in equation 4.1. In other words, a set of joint accelerations, resulting
from the aforementioned control torques and all natural forces acting on the
system: q̈(τtotal).

• The resulting and complete spatial accelerations of each segment in the
kinematic chain: Ẍ(q̈).

From line 28 in Algorithm 1, we can infer four different joint torque contribu-
tions which (combined) represent the total torque τtotal, responsible for producing
the computed (resolved) motion of the system. Namely, we can see that the total
torque consists of i) the physical feed-forward torque that is given as an input
to the solver, ii) the control torque τctrl defined in line 27, iii) gravity torque
produced by gravitational forces acting on robot segments and iv) bias torque
produced by all bias forces acting on the system. In the case of the original ACHD
algorithm, the control torque consists of, purely, the constraint torque that is
produced by the constraint forces acting on the end-effector.

The reader should note that this control torque is the (necessary) control
command that a user is supposed to send to robot’s actuators, to achieve the
motion that is computed (resolved) by the Popov-Vereshchagin solver. Nevertheless,
the reason why a user is not supposed to use the total torque values as the control
commands for robot’s actuators, is the fact that the torque contributions that
represent the difference between τtotal and τctrl already exist (act) on robot joints.
More specifically, these residual contributions are produced on the joints by the
already existing natural forces that act on the system.

The Popov-Vereshchagin hybrid dynamics solver enables a user to achieve
many types of operational space tasks. In other words, various controllers can be
implemented around the aforementioned interfaces of the algorithm. Examples
can be controllers for hybrid force/position control [77], impedance control [29],
[30], etc [14].
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4.3 Extensions

4.3.1 Existing Extensions

To account for multiple motion constraints imposed on a tree robot structure,
and not only on an end-effector segment but also on more proximal segments,
the original solver (Algorithm 1) has been extended by Shakhimardanov in [3].
Moreover, an additional extension to the original algorithm was outlined in [2] and
derived in [4]. This extension provides a solution for including dissipative forces
in dynamics computations, i.e. reaction forces from joint static friction and joint
position limits [4].

The original Popov-Vereshchagin algorithm, published in [2], has been imple-
mented in the already mentioned open-source Kinematics and Dynamics Library
(KDL) [20], by Ruben Smits, Herman Bruyninckx and Azamat Shakhimardanov.
The complete library is created using the C++ programming language. However,
the above-mentioned extensions to the original solver are not implemented in the
current library version and they will not be used in this work.

4.3.2 Extension Developed in This Work

As previously described in section 4.2, the original Popov-Vereshchagin solver
exposes an external force interface that can be used for specifying physical Cartesian
forces acting on each robot segment, and a feed-forward joint torque interface
that can be used for specifying physical joint torques acting around each joint
axis. However, this algorithm can be extended to also account for specifications of
artificial Cartesian forces and artificial feed-forward joint torques acting on a robot
system. Examples for artificial Cartesian force specifications, that motivate the
aforementioned solver’s extension, include i) a desired contact force that the robot
is supposed to apply on an object in the environment (for instance, in the use case
of cleaning a table) and ii) Cartesian commands produced by a certain type of
active-impedance control approach that enables compliant robot motions [14], [29],
[30]. Examples for artificial feed-forward joint torque specifications, that motivate
the aforementioned solver’s extension, include joint commands that are produced
by null-space control approaches [3], [53], used for keeping a joint distant from its
position limits [5].

In Algorithm 2, the extended solver with the above-described artificial drivers
is presented. More specifically, the computations in lines 7, 9, 19 and 21 represent
additional and adjusted equations that enable the solver to account for specifications
of artificial Cartesian forces. On the other side, the computations in lines 17 and 21
represent adjusted equations that enable the solver to also account for specifications
of artificial feed-forward joint torques.

The requirement for completing the above-mentioned extension defines that the
torque contributions, originating from the artificial Cartesian forces and artificial
feed-forward joint torques, must be included in the τctrl term. More specifically,
the computed artificial torque contributions should also constitute the motor
commands since these forces do not already exist in the environment, i.e. these
forces should be produced by the system’s actuators. For that reason, the τctrl
term is extended with additional contributions in line 26.
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An additional feature introduced in this extended solver is motivated by a
practical insight. More specifically, the control commands computed by the solver
for satisfying the desired task drivers may force the joint actuators to reach their
saturations [5]. Such event could be caused in different ways, but most common
examples include a task definition that drives a manipulator close to a singular
configuration while performing a motion or, a task definition that specifies too
strong forces or accelerations [5]. For that reason, a function that saturates the
computed control torques has been introduced in line 26 and it is defined as follows:

saturate(τ) =











τmax, τ > τmax

τ, τmin ≤ τ ≤ τmax

τmin, τ < τmin

(4.6)

Here, τmax and τmin represent maximum and minimum torque saturation limits,
respectively, defined by the robot’s actuator model. With this modification, if a
saturation event occurs in computations, the resulting control commands will not
achieve the exact robot behaviour that was demanded by the task definition.

The saturation function that limits the computed control torques could be
implemented in a different part of an application that uses this solver for evaluation
of robot dynamics, i.e. the torque saturations could be performed outside the
solver. In our case, the rationale for performing the saturation in solver’s line 26,
comes from a necessity to introduce the knowledge of actuators’ torque limits in
the following forward dynamics computations, i.e. resultant motion computations
performed in lines 28 and 29. In this way, the computed resultant joint and segment
accelerations, q̈(τtotal) and Ẍ(q̈) respectively, are closely matching the achieved
accelerations of the real system that uses the saturated torque actuator commands.
This feature becomes even more important in an application where a user of the
solver decides to exploit the aforementioned state variables for deriving additional
state-related quantities, such as, for example, predictions of future robot joint
space and/or Cartesian space motions.
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Algorithm 2: Extended Popov-Vereshchagin ACHD Solver

Input : Robot model, q, q̇, Ẍ0, τff−physical, τff−artificial,

Fext−physical, Fext−artificial, AN, bN

Output : τctrl, τtotal, q̈, Ẍ

1 begin
2 for i = 0 to N− 1 do

3
i+1
i X = (dii X

i+1
di

X(qi));

4 Ẋi+1 =
i+1XiẊi + Si+1q̇i+1;

5 Ẍbias,i+1 = Ẋi+1 × Si+1q̇i+1;

6 Fbias,i+1 = Ẋi+1 ×
∗ Ii+1Ẋi+1 −

i+1XT
0 F

ext−physical
0,i+1 ;

7 Fext−artificial,i+1 = − i+1XT
0 F

ext−artificial
0,i+1 ;

8 FA
bias,i+1 = Fbias,i+1;

9 FA
ext−artificial,i+1 = Fext−artificial,i+1;

10 IAi+1 = Ii+1;
11 end

12 for i = N− 1 to 0 do
13 Di+1 = di+1 + ST

i+1I
A
i+1Si+1;

14 PA
i+1 = 1− IAi+1Si+1D

−1
i+1S

T
i+1;

15 Iai+1 = PA
i+1I

A
i+1;

16 IAi = IAi + iXT
i+1I

a
i+1

iXi+1;

17 F a
bias,i+1 = PA

i+1F
A
bias,i+1 +

IAi+1Si+1D
−1
i+1(τff−physical,i+1+ τff−artificial,i+1) + Iai+1Ẍbias,i+1;

18 FA
bias,i = FA

bias,i +
iXT

i+1F
a
bias,i+1;

19 FA
ext−artificial,i = FA

ext−artificial,i +
iXT

i+1P
A
i+1F

A
ext−artificial,i+1;

20 Ai =
iXT

i+1P
A
i+1Ai+1;

21 Ui = Ui+1+AT
i+1{Ẍbias,i+1+SiD

−1
i [τff−physical,i+1+ τff−artificial,i+1−

ST
i (F

A
bias,i+1+FA

ext−artificial,i+1 + Iai+1Ẍbias,i+1)]}; UN = AT
NẌ0;

22 Li = Li+1 − AT
i+1Si+1D

−1
i+1S

T
i+1Ai+1; LN = 0;

23 end

24 ν = L−1
0 (bN − AT

0 Ẍ0 − U0);

25 for i = 0 to N− 1 do
26 τctrl,i+1 =

saturate(− ST
i+1Ai+1ν − ST

i+1F
A
ext−artificial,i+1 + τff−artificial,i+1);

27 τtotal,i+1 =

τff−physical,i+1+ τctrl,i+1−ST
i+1{F

A
bias,i+1+ IAi+1(

i+1XiẌi+ Ẍbias,i+1)};

28 q̈i+1 = D−1
i+1τtotal,i+1;

29 Ẍi+1 =
i+1XiẌi + q̈i+1Si+1 + Ẍbias,i+1;

30 end

31 end 46



5

Adaptive Control

In the related work section 2.2, a novel type of state of the art adaptive
controller has been mentioned, namely, the Adaptive Bias Adaptive Gain (ABAG)
algorithm [6]. In the original controller’s publication [6], the presented application
is dealing with the 1D control for each motor independently, on a test aerial
platform. However, its properties make the ABAG controller a promising candidate
for controlling task executions of other multi-actuator systems, such as robot
manipulators and humanoid robots. More specifically, multiple independent ABAG
controllers can be employed for enabling i) the accurate tracking of command
setpoints for each robot’s joint and moreover, ii) the accurate task execution in
each direction of robot’s operational space. In this chapter, the aforementioned
algorithm will be reviewed in more details.

5.1 Description

In [6], researches have developed an adimensional adaptive controller; in the
sense that the algorithm’s computations are completely based on dimensionless
quantities. More specifically, the signals that constitute inner state and output of
the controller represent percentages of the application-specific maximum values that
the controller acts on. Additionally, each of the above-mentioned signals contains
information about the direction in which its respective adaptation advances.

In Algorithm 3, the Adaptive Bias Adaptive Gain (ABAG) controller is pre-
sented. As previously mentioned in section 2.2, this algorithm is controlling a
mechanical system based on the trend of the instantaneous error or, in other words,
by looking in the past-time error-horizon. Here, the error-trend information esign
is derived by applying a low-pass filter on the sign of input error e. This means
that the controller does not take the magnitude of input error into account while
computing control commands. This pre-processing of input error is performed
in line 5. Here, sgn() stands for the sign function. In the original formulation
of ABAG controller [6] and in Algorithm 3, the error-sign is filtered using a
first-order low-pass filter. However, this error pre-processing procedure can be
adjusted (if computational hardware allows) to enable a more powerful error signal
estimation, without alternating the core idea of the ABAG controller; for instance,
by introducing a higher-order low-pass filter.
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Algorithm 3: Adaptive Bias Adaptive Gain (ABAG) Controller [6]
Input : ei ∈ R // System’s Error

Parameters : α ∈ (0, 1), // Filtering Factor

eb ∈ (0, 1), // Bias Adaptation Threshold

δb ∈ (0, 1), // Bias Adaptation Step

eg ∈ (0, 1), // Gain Adaptation Threshold

δg ∈ (0, 1) // Gain Adaptation Step

State Signals : esign,i ∈ [−1, 1], // Low-Pass Filtered Error Sign

bi ∈ [−1, 1], // Adaptive Bias

gi ∈ [0, 1] // Adaptive Gain

Output : ui ∈ [−1, 1] // Control Command

1 begin
2 i = 0; esign,0 = b0 = g0 = u0 = 0.0;

3 while ++ i do

4 // Low-pass filtering of error sign.

5 esign,i = α · esign,i−1 + (1− α) · sgn(ei);

6 // Bias signal adaptation.

7 bi = sat[−1,1][bi−1 + δb · hside(|esign,i| − eb) · sgn(esign,i − eb)];

8 // Gain signal adaptation

9 gi = sat[0,1][gi−1 + δg · sgn(|esign,i| − eg)];

10 // Command signal adaptation

11 ui = sat[−1,1][bi + gi · sgn(ei)];

12 end

13 end

Another valuable feature of this algorithm is that it approximates unknown
(non-modelled) dynamics parameters (inertia-mass, damping, elasticity) of the con-
trolled system [6], by adapting to their effects. More specifically, the information
about approximated dynamics is resembled by the controller’s bias term b, which
is constantly adapting its value by following the trend in error (see line 7). Here,
hside() stands for the Heaviside step function and sat() stands for the saturation
function. Using this information, if natural/existing forces (originating from steady
disturbances acting on the system) contribute positively (i.e. assist) in keeping the
plant within the desired state, the ABAG controller will take advantage of these
forces to control the plant. This feature defines the lazy property of the ABAG
algorithm and its mathematical description is provided in [6]. On the other hand,
if the aforementioned forces contribute negatively (i.e. interfere), the bias signal
will serve to compensate these effects. For instance, in the case of the application
presented in the original paper [6], steady disturbances are the ones that originate
from the effects of i) friction in the motors and ii) air resistance acting on the
actuator’s propellers.
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The inner-state of the ABAG controller consist of an additional signal, i.e. the
gain term g which is updated in parallel with the controller’s bias term b (see
line 9). However, the role of this signal is different. More specifically, the gain term
is used to act against sudden (not steady) disturbances that affect the controlled
system. Examples of such disturbances include instant and relatively large changes
of system’s desired state, sensor noise, etc. Furthermore, the gain term can be seen
as a signal that is responsible for providing a good response of the controller until
the bias signal converges to a stable value, i.e. approximates the non-modelled
dynamics of the system. In other words, the reactivity of these two signals (bias
and gain) on changes in the error value differs, in the sense that the gain term
reacts faster on the input error, compared to the bias term [6].

It is worth mentioning that the P and I parts in the PID controller share
similarities with the above-described gain and bias signals, in terms of their role
in the control of a system. More specifically, the role of the I part is similar to the
role of the bias signal, in the sense that I in PID builds its value over time and
compensates for steady disturbances acting on the system. On the other side, the
P part has a similar role as the gain signal, i.e. the P in PID is responsible for an
instantaneous reaction to the system’s error. However, differences between these
two controllers can be seen in the adaptation laws that govern the formation of bias
and gain terms on one side, and the adaptation laws that govern the formation of
I and P terms on the other.

In the ABAG control strategy, the output signal u is constructed from values
of both bias and gain terms (see line 11). In the stage where the controlled plant
is not in a steady state, both gain and bias signals contribute to the control
magnitude. However, when the system reaches a steady-state, the absolute value
of the gain signal decreases and the bias signal takes over as the main contributor
to the control command u [6].

As previously mentioned, the algorithm’s computations are based on dimen-
sionless quantities and values of its signals represent percentages of an application-
specific maximum value that the controller acts on. More specifically, an application
that uses the ABAG controller gives a more concrete meaning to the final control
command u outside the controller’s computations. For instance, if the ABAG algo-
rithm is applied to control the motion of a single robot joint, the aforementioned
maximum value would, in this case, represent a nominal torque that the joint
actuator can produce and the control command u would represent a percentage of
this nominal torque.

5.2 Parameterization

In the ABAG formulation, waveforms of both bias and gain signals are rep-
resented by fixed functions, also referred to as decision maps (ξb and ξg in fig-
ure 5.1) [6]. These functions are defined (parameterized) in advance by a control
designer, depending on the desired behaviour of the system and its capabilities.
This feature, i.e. the explicit design of bias and gain waveforms, enables better
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Figure 5.1: Decision maps in the ABAG controller. Here, hside() stands for the
Heaviside step function and sgn() stands for the sign function. Figure based on [6].

predictability and stability of the controller’s behaviour, compared to, for example,
the PID controller, where formation of its control signals is highly depended on
the actual error [15]. For a more detailed analysis of controller’s stability, we refer
the reader to [6].

An additional feature of the above-mentioned decision maps allows for specifi-
cation of control dead zones, i.e., in this case, regions in the value of the filtered
error for which bias and gain signals are not adapted (see figure 5.1). Only after
the filtered error crosses the allowable tolerances, the controller starts alternating
values of its signals. Furthermore, the controller’s formulation enables a control
designer to choose maximum values for the bias and gain terms by adjusting the
limits of its respective saturation functions. This feature enables the possibility of
limiting the controller’s output, such that a wind-up situation does not occur [15].

In the following paragraph, each of the controller parameters will be discussed
in more detail:

• Filtering Factor α: This parameter is used for adjusting the smoothness
of the filtered error-sign signal esign [6]. Noisier state estimation, higher α
required, or in other words, higher its value, the error sign will be more
filtered. However, as the low-pass filter provides the error-trend information
based on which the bias and gain signals are later on constructed, the chosen
value for this filtering factor has a high influence on the choice for values of
the following parameters.

• Bias Threshold eb: This parameter defines how far should the controller
ignore the filtered error before it starts adapting the bias signal, i.e. it starts
alternating the controller’s current approximation of non-modelled dynamics.
This tolerance represents the previously mentioned bias dead zone.

• Gain Threshold eg: In simple words, and given the role of gain signal,
this parameter defines when should the controller start “panicking”. More
specifically, this parameter defines how far should the controller ignore the
filtered error, before it starts adapting the gain signal. This tolerance
represents the previously mentioned gain dead zone.
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• Bias and Gain Steps δb & δg: These two parameters define the adaptation
speed of bias and gain signals, respectively. Additionally, they have a high
impact on how smooth the signals and overall control will be.

• Saturation Limits: The meaning behind these parameters is twofold. First,
a saturation limit defines a percentage that represents a maximum possible
contribution of a signal to the overall control. Second, a saturation limit
also defines in which direction a signal can contribute, positive or negative.
For example, in the controller’s formulation presented in Algorithm 3, the
bias signal is allowed to contribute up to 100% in both negative and positive
directions. On the other side, the gain signal is allowed to contribute up
to 100% only in a positive direction, and not have any contribution in a
negative direction. The reason is that in the final equation of the ABAG
controller (line 11), the gain signal is multiplied by the sign of input error,
and this operation governs if the control command u should be reduced or
increased by the gain magnitude.

It is important to mention that the shapes of the aforementioned decision
maps (for both bias and gain terms) must be designed carefully, such that a
good trade-off between controller’s responsiveness and chattering behaviour is
achieved [6]. More specifically, if we choose a set of parameters in such a way that
the gain signal is kept constantly high throughout the control, the response time
would be very short. However, in this case, the control will be, at the same time,
characterized by high chattering, which in turn creates a harmful effect on the
system’s actuators [6].

51



5.2. Parameterization

52



6

Realization of the Lazy Robot

Control

The control strategies derived in this project should not only address challenges
of the use cases presented in section 1.2 but also, relax the robot control while
ensuring correct execution of these tasks. For that reason, this chapter describes
the developed task specification models and control architectures for enabling a lazy
robot control. Additionally, it discusses how the previously presented components,
the acceleration-constrained hybrid dynamics (ACHD) solver (chapter 4) and
ABAG controller (chapter 5) are used as building blocks of the derived control
architectures, along with the newly developed components that are necessary for
ensuring the correct task executions in the above-mentioned use cases.

6.1 Pre-Grasp Motion and Common Challenges

6.1.1 Strategy

In order to create a lazy control strategy that would enable execution of the
task defined under this use case, several objectives are considered while meeting the
imposed challenges, i.e. several aspects of robot control are subject to relaxation.

As mentioned in section 1.2, motion constraints are usually defined based on the
accuracy and precision tolerances, obstacles in the environment, etc. Approaches
such as MPC [11] or a group of sampling-based motion planning algorithms [44],
[46] are satisfying the task specifications by performing expensive computations of
explicit trajectories. Additionally, the resulting robot motions are not characterized
by high agility, due to the fact that the motion plans are over-constraining the
system. However, these strategies are not considering the fact that this problem
can be relaxed by leaving some of the imposed task constraints to be resolved
instantaneously, by a good design of the control architecture.

The first objective here is to eliminate the generation and optimization of
explicit robot trajectories from the computations of motions and instead, create a
less constraining motion specification. This is achieved by constraining the robot
motion via a tube. In the practical context, a robot state is considered to be allowed
if it is inside a tube or, in other words, an area in the state space. Boundaries of
this tube are derived from the task-specified motion tolerances (e.g. the accuracy
and precision requirements) [15], [78]. Furthermore, in this control approach, the
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area error is taken into account instead of the setpoint error. The idea is to guide
the robot through the tube directly towards the goal state, which is, in terms
of this use case, an area around the object. As a result, the trajectory (set of
exact robot poses) would be an outcome of the robot’s motion, but not planned in
advance or online. In this way, the control is less constrained [15], i.e. a bigger
space of allowed states is defined and thus, a larger set of feasible control solutions
exist.

For addressing the first challenge defined under this use case and moreover,
enabling the overall lazy control strategy, the previously introduced Adaptive Bias
Adaptive Gain (ABAG) controller and Popov-Vereshchagin constrained hybrid
dynamics solver are employed. The reason for choosing the ABAG controller, as
one of the building blocks of our control strategy, is the controller’s ability to
resolve the imposed control constraints via simple computations and at the same
time provide us useful control features. As mentioned in chapter 5, the explicit
design of bias and gain waveforms, enables better predictability and stability of
the controller’s behaviour, compared to, for example, the PID controller [15].
Additionally, the controller enables the possibility of limiting the control output,
such that a wind-up situation does not occur. On the other side, the reason for
choosing the Popov-Vereshchagin hybrid dynamics algorithm, as one of the building
blocks of our control strategy, is its ability to resolve instantaneous robot dynamics
analytically, with linear-time, O(n) complexity [3]. Moreover, the solver exposes
tree different task interfaces which enable specification of the significant number
of different task models, i.e. this algorithm computes required joint space control
commands based on defined Cartesian acceleration constraints, feed-forward joint
torques and the external Cartesian forces.

For meeting the second challenge of this use case, computations performed
by the aforementioned ABAG controller are not sufficient. More specifically, this
algorithm is controlling a system based on a trend of the task execution error or, in
other words, by looking in the past-time error-horizon. Thus, the controller solely
cannot optimize effects influenced by future events in task execution. However,
an additional component can be considered in this control strategy for addressing
this challenge, i.e. a model prediction method that estimates future robot states.
The list of possible methods to be used for providing the required state predictions
is extensive [16], [17], [27]. As presented in chapter 3, for providing this feature,
current approaches such as MPC [11], [28], [41] perform expensive finite-horizon
predictions. However, the objective here is to relax these computations and
therefore, the approach is to simply integrate the measured robot’s Cartesian
velocities over a particular and finite time interval. In such a way, the information
about future robot states can be received via inexpensive computations. The
justification for performing this type of predictions comes from the fact that
model parameters of a robot and its environment are anyway not completely
accurate [10], [12], [79]; it is only possible to have an approximation of these
models. Additionally, in the sensor information, noise and uncertainties always
exist [13], [14]. The benefit of combining this component with the ABAG controller
is an early and smooth reactivity of the system to an error in the motion before
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it occurs. Thus, the combined effort of these two components would keep robot
states within allowed bounds while still producing very small increments in the
control commands. Furthermore, this type of “cheap” future-horizon computations
enable us to implement a control loop with higher-frequency, i.e. expose feedback
information more frequently.

For meeting the first challenge listed as common for all use cases (see section 1.2)
additional features of the already considered components, the Popov-Vereshchagin
hybrid dynamics solver and ABAG controller are exploited. More specifically, as
described in chapter 4, the Popov-Vereshchagin algorithm takes advantage of the
existing forces acting on the system while resolving the instantaneous dynamics, i.e.
while minimizing the acceleration energy of the system, based on the known model
parameters [4]. On the other side, the ABAG controller has also a lazy property,
such that it takes advantage of existing forces such as, for example, friction in
the motors, air resistance, gravity, etc., while computing the non-instantaneous
control of the system, based on the approximation of non-modelled parameters [6].
A mathematical description of this feature is provided in [6]. By leaving many of
the task objectives to the system’s natural dynamics, the combined effort of these
two components improves the energy consumption of the system’s actuators.

The second challenge listed as common for all four use cases has not been
considered very often by the current state of the art approaches, in the field of robot
dynamics and control. Many strategies are not exploiting prior knowledge about
the task and environment in order to relax the control of robot motions and forces.
More specifically, instead of leaving some of the DOFs unspecified in the task
definition, many approaches are explicitly defining and resolving motion and force
constraints [37], [80], [81]. The aforementioned feature is important, since different
phases may exist in the task execution and for every phase, different constraints are
imposed on the robot. For example, in this use case, if necessary, two phases can
be defined, namely an “approach” and a “fine positioning” phase. In an “approach”
phase, only the control of robot wrist’s position may be required, while in a “fine
positioning” phase, only the control of the wrist’s orientation may be required.
For addressing this challenge, the objective is to leave the unconstrained motion
directions to “emerge naturally” [5], [18]. More specifically, for enabling this type
of relaxation the already considered Popov-Vereshchagin solver can be exploited.
The reason for choosing this component is that even in the case of incomplete tasks
definitions (some of the DOFs left unspecified) this hybrid dynamics algorithm
produces a solution to the inverse dynamics problem, by naturally resolving robot
motions based on the “criterion of least constraints” [2], defined by the Gauss’
principle [5], [72] (as described in section 4.1).

6.1.2 Application

Task specification

In order to develop a task specification formalism that will model the desired
motions and forces that are necessary for the execution of the tasks described in
section 1.2, the well-known Task Frame Formalism (TFF) [81], [82] approach was
used as a motivation. However, in the original TFF approach, for each of the six
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task frame axes, it is required to define a motion or force constraint. Furthermore,
this formalism does not consider definitions of the above-presented tube bounds.
Nevertheless, a modified version of TFF was developed here to enable specifications
of tube tolerances and the possibility for leaving some of the DOFs out of the task
definition. Here, an example of the task specification created for the first use case
is presented in the following:

Task specification for the first use case: Example 1

move compliantly { // with task frame directions

• TX: velocity v [m/s], velocity-tolerance σv [m/s]

• TY : 0 [m], position-tube σy [m]

• TZ: 0 [m], position-tube σz [m]

• TaX:

• TaY :

• TaZ:















no specification

} until either: • goal area reached, tolerance σx [m]

• or TFX / TFY / TFZ > f [N]

• or task time > t [s]

In the above task model, all terms are specified with respect to an orthogonal
user-defined task frame (T). These terms represent motion and force variables
for the robot’s end-effector (tool) segment. Here, the position tube bounds for
linear Y and Z directions are noted with σy and σz respectively and the velocity
tolerance is noted as σv. However, the term σx represents goal area tolerance in
the linear X direction. Terms TFX , TFY and TFZ represent measured contact
linear forces. On the other side, terms f and t denote force and time thresholds,
respectively. In this use case, the task frame is placed at the pre-grasp location,
which is, together with the frame’s orientation, determined beforehand by a certain
grasping strategy.

A simple illustration of the robot action necessary for realizing the type of task
defined under the this use case is presented in figure 6.1. In this illustration, three
frames are depicted, namely the task frame, base frame and end-effector frame.
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Figure 6.1: Illustration of the robot action performed in the first use case.

Another example of the task specification created for the first use case is
presented in the following:

Task specification for the first use case: Example 2

move compliantly { // with task frame directions

• TX: velocity v [m/s], velocity-tolerance σv [m/s]

• TY : no specification

• TZ: 0 [m], position-tube σz [m]

• TaX:

• TaY :

• TaZ:















0 [rad], orientation tube σa [rad]

} until either: • goal area reached, tolerance σx [m]

• or TFX / TFY / TFZ > f [N]

• or task time > t [s]

The term σa represents orientation-tube tolerance. The reason for heaving a single
number for representing the tolerance on an orientation originates from the choice
of the rotation representation, namely the axis-angle representation [32], [83], [84],
based on which the orientation-error calculation is performed. A more detailed
discussion on this topic will be presented in the following.
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Control Architecture

A control architecture that enables execution of the task defined under the
first use case is presented in figure 6.2. In this control loop, the task error is
calculated based on i) the above-presented task specification given as input and
ii) the measured and predicted state of the robot. In this case, the predicted
state is taken into consideration for calculating robot deviations from the pose-
tube bounds. The rationale for using the predicted state information in the
pose-tube error calculations is presented in section 6.1.1. On the other hand, the
current state (measured velocity) is directly used for calculating robot deviation
from the velocity-bound. The complete task error defines: i) a 6 × 1 vector E

associated with robot pose deviations and ii) a scalar value ex,v associated with
robot velocity deviations. Every DOF defined in the task specification has its
associated error element in the aforementioned task error. However, the computed
robot position error along the linear X direction, will not be used in the following
computations of the adaptive controller. Nevertheless, this error element will be
used for monitoring purposes by the finite state machine (FSM) component, which
will be presented in the following. Additionally, the error element that is associated
with an unconstrained DOF has zero value.

Both of the aforementioned error quantities are passed as input to an adaptive
controller that consists of six independent (decoupled) ABAG controllers. The
result of this component is a 6×1 vector of Cartesian control commands ~u, defined
in percentages. However, as presented in chapter 5 (section 5.1), more concrete
meaning to these control commands is given outside the controller’s computations.
For that reason, each element of the vector ~u is scaled with its corresponding
element in a 6× 1 vector of maximum commands that, in this case, represent the
maximum allowed acceleration energy setpoints for the robot’s end-effector. The
result of this operation is a 6×1 vector of acceleration energy setpoints bN and this
vector is expressed w.r.t. task frame. However, the next component in this control
loop, namely the Popov-Vereshchagin solver, expects that a Cartesian space motion
driver is expressed w.r.t. the robot base frame. For that reason, is it necessary to
perform a coordinate transformation of these values. As presented in chapter 4
(section 4.2), the acceleration energy setpoints are related to the AN , in this case,
a 6 × 6 matrix of unit constraint forces. Thus, for performing the coordinate
transformation for this motion driver it is necessary to only transform the AN

matrix. However, in the case of an unconstrained DOF in the task specification,
before the transformation operation is performed the unit column vector of the
AN matrix that is associated with this unconstrained DOF is set to a 6× 1 vector
of zeros.

The output of the constrained hybrid dynamics solver consists of two quantities,
joint control commands τcrtl and resultant joint accelerations q̈. However, only
the computed joint torques τcrtl are used as control commands for robot actuators.
Nevertheless, the resultant joint accelerations q̈ are used as a part of the robot’s
state, by the finite state machine (FSM) component which will be presented in
the following.

After the control commands are applied, sensor measurements, i.e. joint
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positions q and joint velocities q̇ are used by the next component, the forward
kinematics solver. This unit is computing the current robot state in Cartesian space,
i.e. the pose and velocity of each robot segment. These quantities are expressed
w.r.t. robot base frame, and for that reason, it is necessary to perform a coordinate
transformation from the base frame to task frame. However, in order to complete
computations of the control feedback, the next step is to perform the future
Cartesian state predictions that are necessary for the task error computations.

The final component in this architecture is the finite state machine (FSM) which
monitors the robot task execution via E term and several aspects of the robot’s
state, such as measured joint positions q and joint velocities q̇, the resultant joint
accelerations q̈ computed by the hybrid-dynamics solver and measured contact
forces that are exerted on the robot’s end-effector. Additionally, this unit is
responsible for alternating the control modes of this loop, based on the events that
occur in run-time and the predefined control policy.

More detailed discussions about many of the above-considered components will
be presented in the following.
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Figure 6.2: Main control loop for the first use case.

60



Chapter 6. Realization of the Lazy Robot Control

Error Function: As previously mentioned, in this use case the task error is
calculated based on i) the task specification given as input and ii) the measured
and predicted state of the robot. In this case, the predicted state is taken
into consideration for calculating robot deviations from the pose-tube bounds.
The rationale for using the predicted state information in the pose-tube error
calculations is presented in section 6.1.1. On the other hand, the current state
(measured velocity) is directly used for calculating robot deviation from the velocity-
bound. The complete error function graph is presented in figure 6.3. Here, the
subscripts l and a stand for linear and angular, respectively.

In this function, the pose error calculation is decoupled, in the sense that,
the position error is calculated independently from the orientation error. The
calculation of the position error is straightforward, in contrast to the calculation of
the orientation error. More specifically, in the case of position error, the difference
between the desired and predicted end-effector’s position is defined by a 3D vector
re which represents the relative translation between these two points, expressed
w.r.t task frame. In other words, this difference defines the linear velocity Ẋl that
can bring the end-effector from the predicted position to the desired one, in one unit
of time [32], [83]. However, the approach taken for computation of the orientation
error is motivated by the work presented in references [32], [83], [84]. Here, the
term Re represents the relative orientation between the predicted and desired end-
effector state, expressed w.r.t task frame. However, in order to compute an error
vector that the controller can interpret, it is necessary to compute the logarithm of
this rotation matrix Re. More specifically, the result of this operations is an angular
velocity Ẋa that would cause the end-effector frame to rotate from the predicted to
the desired orientation, in one unit of time [32]. Based on the exponential coordinate
representation [84], this rotational motion is performed around a rotation axis,
i.e. a unit vector ω̂ over a rotation angle θ. For more information about this
type of representation, the reader can refer to [32]. Nevertheless, the exponential
coordinate or, in other words, axis-angle representation of relative orientation was
used for defining the orientation-tube tolerance, in the previously described task
specification model. More specifically, the (single number) orientation-tube bound
is directly related to the above-presented rotation angle θ.

Since the ABAG controller considers only the sign of input error, in its compu-
tations, it is necessary to additionally perform pre-processing of the control error,
such that the tube boundaries can be explicitly taken into account in the overall
control loop. This pre-processing procedure is performed for both, pose-tube and
velocity-tube error calculations (see the graph in figure 6.3).

Adaptive Controller: As mentioned above, this component consists of six
independent (decoupled) ABAG controllers and it is presented by the graph in
figure 6.4. More specifically, a single ABAG controller is responsible for controlling
the motion in only one DOF, defined in the task specification. As it can be seen
from the graph, in the linear X-direction tube-speed is controlled, while in other
directions robot deviations from the pose-tube are controlled.
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Constrained Hybrid Dynamics Solver: In this component, i.e. the Popov-
Vereshchagin hybrid dynamics solver, the acceleration constraint motion driver
is used for specifying the instantaneous end-effector motion constraints (see sec-
tion 4.2). The algorithm is computing three output quantities, joint control
commands τctrl, resultant joint accelerations q̈ and resultant Cartesian acceler-
ations Ẍ of each robot segment. However, it is necessary to mention that a
saturation function that limits the computed control torques τctrl is implemented
as a part of the solver’s inner computations (for more information, see section 4.3).

Prediction: As previously mentioned, this component is performing computa-
tions of future robot Cartesian states, which are required by the above-described
task error calculations. Here, the approach is to simply integrate the measured
robot’s Cartesian velocities, i.e. the end-effector’s twist over a particular and finite
time interval. In other words, the idea is to estimate what will be the future
end-effector’s pose, if the current velocity of this segment is maintained for a finite
time horizon.

Similarly to the case of the task error function, the prediction method is also
decoupling linear and angular parts. More specifically, the future end-effector’s
position is estimated independently from its future orientation. In order to calculate
the relative rotation that is caused by the angular velocity Ẋa (in one unit of time),
it is necessary to compute the exponential of this angular velocity [32], [85], [86].
As it can be seen from the graph in figure 6.5, the body-fixed twist is used in this
integration procedure [87].
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Finite-State Machine (FSM): The finite state machine component provides
functionalities that, at runtime, monitor execution of the specified task, i.e. judge
if the task constraints are satisfied w.r.t. defined tolerances [15]. Additionally,
the FSM monitors the robot’s internal state, i.e. it is responsible for providing
safety monitoring to ensure that the commanded joint torques τcrtl will not drive
the robot system over its joint limits. The information about robot’s safety is
derived based on i) the measured joint positions q and joint velocities q̇, and ii) the
resultant joint accelerations q̈ computed by the Popov-Vereshchagin solver. More
specifically, the safety component is exploiting the existing feature of this hybrid
dynamics solver, i.e. its forward dynamics calculations to estimate the future
robot joint states. Here, the resultant joint accelerations q̈ are integrated over two
time-steps and in each time-step, the predicted joint positions q and joint velocities
q̇ are checked for their respective limit violations. If a limit-violation event occurs,
the control policy considered in this work defines an immediate stopping of all
robot joint motions. Moreover, in the case of this event, the robot actuators are
controlled via the joint velocity interface and the control commands are specified
in q̇ctrl term.

A graphical representation of this FSM is illustrated in figure 6.6. When it
starts, the finite state machine first enters the STOP_MOTION state, in which the
system is held in a static configuration i.e., the robot joints are commanded to hold
their current positions. Further control states, such as START-TO-CRUISE and
CRUISE_THROUGH_TUBE are motivated by the work presented in [15]. More
specifically, the former control state defines a motion behaviour where the robot
is moving towards the task-specified tubular region. However, in this state, zero
tube-speed is maintained, i.e. the robot is not allowed to move (cruise) along
the linear X-direction (defined in the task specification), until the robot reaches
the tubular region. On the other side, the latter control state defines a motion
behaviour where the robot is cruising through the tubular area, i.e. moving
towards the final goal state while keeping itself within the task-specified tube
bounds. Events that trigger the connecting transitions between the aforementioned
states in FSM, are the following [88]:

• e_initialized : defines that the system is initialized [88].

• e_timeout : defines that the task time-limit is reached [88].

• e_contact : defines that the robot’s sensors have sensed a contact with the
environment [88].

• e_joint_limit : defines that the robot has reached a joint limit.

• e_out_of_goal_area: defines that the robot is far away from the final goal
area.

• e_goal_area: defines that the robot has reached the final goal area and it is
within the tube bounds.

• e_out_of_tube: defines that the robot is outside of the tubular area.
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e_initialized

START

e_timeout

e_contact / e_joint_limit
e_out_of_goal_area

e_contact e_joint_limit/

e_goal_area
STOP

CRUISE_THROUGH_TUBESTART--TO--CRUISE

e_within_tube

STOP_MOTION

e_out_of_tube

ERROR

Figure 6.6: Finite state machine developed for the pre-grasp motion task. Figure
based on [88].

• e_within_tube: defines that the robot is inside of the tubular area.
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6.2 Following a Pre-defined Path

6.2.1 Strategy

The only difference between this use case and the previous one is that here,
the task is defined with multiple goal states/areas instead of just one. More
specifically, the robot is commanded to follow predefined position waypoints along
the Cartesian path, instead of performing a motion towards a single goal area.
Nevertheless, the same challenges that are necessary to be addressed in the first
use case hold in this scenario as well.

In order to create a lazy control technique that would enable execution of the
task and meet the challenges defined under this use case, the same aspects of the
robot control that are considered in section 6.1.1 are subject to relaxation, here as
well. More specifically, the idea is to use the same strategy developed for the first
use case. However, the difference in this use case will be in the application of the
strategy.

6.2.2 Application

Task specification

Here, the same task specification formalism that was developed in section 6.1.2,
will be used for modelling the motions required for the execution of this type of
task. However, in this case, each waypoint in the user-defined Cartesian path
has associated its own task frame. This means that it is necessary to define one
instance of the task specification for each waypoint in this path. Nevertheless, if
required, the aforementioned (task specification) instances can share the same task
parameters, such as tube bounds, contact force thresholds, goal area tolerances,
etc., while being associated to different task frames. An example for one of the task
specification instances, created for this use case, is presented in the following:

Task specification for the second use case: Example 1

move compliantly { // with task frame directions

• TkX: velocity v [m/s], velocity-tolerance σv [m/s]

• TkY : 0 [m], position-tube σy [m]

• TkZ: 0 [m], position-tube σz [m]

• TkaX:

• TkaY :

• TkaZ:















no specification

} until either: • goal area reached, tolerance σx [m]

• or TkFX / TkFY / TkFZ > f [N]

• or task time > t [s]

67



6.2. Following a Pre-defined Path

Y_Tk+4

�

,

 

�

�

�

t

�

v

Z_Tk+4X_Tk+4

Y_Tk

X_Tk

�

t

�

v

�

u

Z_Tk

�

u

Y_T
k+1

Z_Tk+1
X_T k

+1

Y_T k
+3

X_T
k+3 Z_Tk+3

X_T k
+2 Z_Tk+2

Y_T k
+2

�

v

�

t

�

u

�

v

�

t

�

u

�

t

�

v

�

u

Text
Figure 6.7: Illustration of an example path, defined for realizing the task in the
second use case. Each waypoint in the user-defined Cartesian path has associated
its own task frame. Here, Tk stands for the task frame associated with k-th waypoint
in the defined path.

Here, Tk stands for the task frame associated with k-th waypoint in the defined path.
A simple illustration of an example path, defined (in advance) for realizing the
task specified in this use case, is presented in figure 6.7. In this example, the same
tube parameters are specified for each section of the path, i.e. parameters such as
position-tolerances σy and σz, tube-cruising velocity v and velocity-tolerance σv.

Control Architecture

A control architecture that enables execution of the task defined under this
use case is presented in figure 6.8. All components constituting the control loop
defined for the previous use case, except the finite state machine (FSM), are reused
in this architecture without any modifications. More details about modifications
in FSM are presented in the following.
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Figure 6.8: Main control loop for the second use case.
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Finite-State Machine (FSM): As previously mentioned, the finite state ma-
chine component provides functionalities that, at runtime, monitor execution of
the specified task, i.e. judge if the task constraints are satisfied w.r.t. defined
tolerances [15]. However, since the task in this use case additionally defines a set of
pre-defined Cartesian waypoints to be followed, the FSM is modified to additionally
monitor the path traversal. For that reason, two new control states are added
in this FSM logic, namely FOLLOW_PATH and TRANSITION_PATH_SECTION

states (see figure 6.9). The former state defines a motion behaviour where the
robot is following the predefined path while cruising through tubular areas (see
figure 6.7), i.e. moving towards waypoints while keeping itself within the task-
specified tube bounds. More specifically, this state encapsulates two sub-states,
namely the CRUISE_THROUGH_TUBE state (previously defined in section 6.1.2)
and the above-mentioned TRANSITION_PATH_SECTION state. Here, the latter
sub-state does not define a different motion behaviour, but it defines transitioning
of the path section through which the robot is currently cruising. More specifically,
it defines that once the robot reaches the current sub-goal area in the path, the
current instance of the task specification, that is used in the control loop computa-
tions, is replaced with an instance that corresponds to the next waypoint in the
path. Additionally, this change takes effect in the next iteration of the control
loop, such that the current computations are not affected by the change of the
task frame and possibly task parameters. However, it is necessary to mention
that the above-described policy for transitioning between two path sections is
explicitly chosen in this work. Other policies and extra constraints in the task
specification model can be derived for the aforementioned state, but development
of these features is out of this work’s scope.

The switching between the aforementioned CRUISE_THROUGH_TUBE and
TRANSITION_PATH_SECTION states in FSM, is triggered by the following events
[88]:

• e_section_covered : defines that the system has covered the current path
section.

• e_section_changed : defines that the current instance of the task specification
is replaced with the next instance.

An additional event that is introduced in this FSM is the e_final_goal_area
event. It defines that the robot has covered all path sections, i.e. it has reached
the final goal area and it is within the tube bounds. Other control states and
their respective logic considered in this FSM, namely START-TO-CRUISE and
CRUISE_THROUGH_TUBE states, are reused from the FSM that was developed
for the first use case.
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e_initialized

START

e_timeout

e_contact /e_joint_limit
e_out_of_goal_area

e_contact e_joint_limit/

e_final_goal_area

FOLLOW_PATH

CRUISE_THROUGH_TUBE

TRANSITION_PATH_SECTION

e_section_changede_section_covered

e_out_of_tube

e_within_tube

STOP

START--TO--CRUISE

STOP_MOTION

ERROR

Figure 6.9: Finite state machine developed for the task of following a pre-defined
path. Figure based on [88].
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6.3 Cleaning a Surface

6.3.1 Strategy

For solving the control problem presented in the third use case (section 1.2),
i.e. enabling explicit control of robot’s Cartesian forces together with the control
of its motion variables, current control strategies, such as, for example, [66], [67],
are designed to maintain predefined force setpoints. However, in this way, the
approaches are over-constraining robot control, which is not necessary for most
applications.

The knowledge about the task defined under this use case allows for possible
relaxations in solving this control problem. Here, the proposed relaxation defines
that in directions in which the contact force is desired, the controller is not
constrained to maintain a force setpoint, but rather control the force to remain
within specified tolerances. Furthermore, the idea is to extend the strategy defined
for the previous use cases with the above-mentioned force control relaxation.
More specifically, for realizing the task of cleaning a surface and meeting the
defined challenges in this use case, the idea is to exploit the already existing
feature of the Popov-Vereshchagin algorithm, i.e. the ability for specifying task
drivers via different interfaces. Here, the artificial external force interface can be
exploited for specifying control commands in directions along which contact with
the environment is maintained. On the other side, as in the previous use cases,
the Cartesian acceleration constraint interface can be used for specifying control
commands in directions along which the robot is required to perform a motion.

6.3.2 Application

Task specification

A task specification formalism that models the motions and forces necessary
for the execution of cleaning a surface task, is developed by extending the work
conducted for the previous two use cases. The following extension is motivated by
the work presented in [81] and [50]. To model the contact situation in this uses
case, an additional orthogonal task frame (T F ) is introduced [81] and three of its
directions will be used for specifying instantaneous force requirements.

In this task specification model, motion-related terms are specified with respect
to motion task frame TM

k , while force-related terms are specified with respect to
the force task frame T F . More specifically, similarly to the previous two use cases,
the velocity, position and orientation terms are specified with respect to linear X,
linear Y and angular Z directions of the TM

k frame, respectively. On the other side,
the desired normal force Fz and its associated tolerance σF,z are specified with
respect to contact normal, i.e. linear Z direction, while the reaction moments Fax

and Fay, and their associated tolerances σF,ax and σF,ay are specified with respect
to angular X and angular Y directions of the T F frame, respectively [81].

An example of the task specification created for the third use case is presented
in the following:
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Task specification for the third use case: Example 1

move compliantly {

• TM

k X: velocity v [m/s], velocity-tolerance σv [m/s]

• TM

k Y : 0 [m], position-tube σy [m]

• TF

Z: force Fz [N], force-tolerance σF,z [N]

• TF

aX: 0 [Nm], moment-tolerance σF,ax [Nm]

• TF

aY : 0 [Nm], moment-tolerance σF,ay [Nm]

• TM

k aZ: no specification

} until either: • goal area reached, tolerance σx [m]

• or TF

FX / TF

FY > f [N]

• or task time > t [s]

Here, a motion task frame is fixed at a location that is defined by the task
programmer, and its position and orientation do not change throughout the task
execution. However, if the task also consists of a pre-defined Cartesian path (as in
the previous use case), and not only of a single goal state, each waypoint k has
associated its own motion task frame TM

k . Nevertheless, in this use case, only one
force task frame T F is defined.

The necessity for including an additional task frame for the specification of
force-related variables, comes from the fact that contact geometry may not be
constant, throughout the task execution. In other words, for correctly executing
this task, the robot is required to follow a surface of unknown shape, with its tool
segment or manipulated object. For the aforementioned reasons, it is necessary
to enable continuous adaptation of the frame’s orientation and position during
the motion, such that, the frame maintains the constant relative orientation and
position w.r.t. the contact [81]. In this way, the task directions of the force task
frame remain unchanged throughout the task execution. Thus, the specification of
control values associated with these directions can be kept constant in run-time.
This adaptation requirement can be (as suggested in [81]) fulfilled by attaching
the origin of force task frame T F in the bottom center of the manipulated object,
which is in contact with the surface, and letting it remain fixed to that location
during the object’s motion. Additionally, to maintain proper alignment of the
manipulated object with the surface, it is necessary to regulate reaction moments
generated about X and Y axes of this frame and in turn, keep the Z-axis pointing
in direction of the contact normal [81]. For that reason, in the above-presented
task specification, moment-tolerances are defined with respect to zero values.

The above-described task specification is designed for the robot system that is
equipped with a planar object for cleaning a smooth surface. Nevertheless, other
shapes of the manipulated object can also be included in this strategy by only
modifying the task specification part that considers reaction moments. For more
details on these modifications, we refer the reader to [81].
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Figure 6.10: Illustration of the robot action performed in the third use case. In
this example, only one goal area is defined. Nevertheless, if required, the task
specification can be extended with a pre-defined Cartesian path, in the same
manner as in the second use case.

A simple illustration of the robot action that realizes the task specified in this
use case, is presented in figure 6.10. In this example, only one goal area is defined.
Nevertheless, if required, the task specification can be extended with a pre-defined
Cartesian path, in the same manner as in the second use case.

By having task constraints specified w.r.t. two different orthogonal frames, i.e.
motion-related constraints specified in a frame that is fixed to the environment
and force-related constraints specified in a moving frame, a situation in which
these constraints conflict may occur during the task execution. The conflict
between motion and force constraints or, in other words, the coupling between
their associated task directions, is addressed by introducing explicit prioritization
between these two types of constraints. More specifically, the Popov-Vereshchagin
hybrid dynamics solver allows us to define a prioritization between the external
force and acceleration constraint drivers [3], [5]. As described in section 6.3.1,
the strategy developed for this use case defines that the solver’s acceleration
constraint interface will be used for specifying motion control commands, while the
external force interface will be used for specifying force control commands. In the
formulation of the Popov-Vereshchagin algorithm that is presented in chapter 4,
the acceleration constraints are prioritized over the external force driver. Therefore,
in this control strategy, the motion-related constraints will have higher priority
over the force-related constraints. However, in [5], an approach for changing this
prioritization, such that the higher priority is given to the external force driver, is
presented. Nevertheless, this change of prioritization will not be considered in this
work.
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Another example of the task specification created for this use case is presented
in the following:

Task specification for the third use case: Example 2

move compliantly {

• TM

k X: velocity v [m/s], velocity-tolerance σv [m/s]

• TM

k Y : 0 [m], position-tube σy [m]

• TF

Z: force Fz [N], force-tolerance σF,z [N]

• TF

aX: 0 [Nm], force-tolerance σF,ax [Nm]

• TF

aY : 0 [Nm], force-tolerance σF,ay [Nm]

• TM

k aZ: angle ϕaz [rad], orientation tube σaz [rad]

} until either: • goal area reached, tolerance σx [m]

• or TF

FX / TF

FY > f [N]

• or task time > t [s]

Control Architecture

A control architecture that enables execution of the task defined under this use
case is presented in figure 6.11. In addition to the robot states that constitute the
control feedback used in the previous two use cases, here, the control feedback also
consists of the measured reaction forces which act on the manipulated object. These
wrench measurements are directly used for calculating contact force deviations
from the task-defined bounds. In this control loop, the complete task error defines:
i) a 3 × 1 vector E associated with robot pose deviations in linear X, linear
Y and angular Z directions, ii) a scalar value ex,v associated with robot’s tube
speed deviation in linear X direction and iii) a 3× 1 vector EF associated with
robot’s contact force deviations in linear Z, angular X and angular Y directions.
The error function graph presented in figure 6.12 depicts the calculations of the
aforementioned error quantities. Every DOF defined in the task specification
has its associated error element in the aforementioned task error. However, the
computed robot position error along the linear X direction, will not be used in
the following computations of the adaptive controller. Nevertheless, this error
element will be used for monitoring purposes by the FSM component, which will
be presented in the following.

The above-mentioned error quantities are passed as input to an adaptive
controller that consists of six independent (decoupled) ABAG controllers. This
component is presented in figure 6.13. Its output is represented by a 6× 1 vector
of Cartesian control commands ~u, defined in percentages. However, as previously
mentioned in section 6.1.2, more concrete meaning to these control commands is
given outside the controller’s computations. For that reason, each motion-related
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element of the vector ~u is scaled with its corresponding element in a 3× 1 vector
of the maximum allowed acceleration energy setpoints. On the other side, each
force-related element of the vector ~u is scaled with its corresponding element in a
3× 1 vector of the maximum allowed artificial external force setpoints. Results
of this operation are: i) the acceleration energy setpoints bN expressed w.r.t. the
motion task frame TM

k and ii) the artificial external force setpoints F ext−artificial

expressed w.r.t. the force task frame T F . However, the next component in this
control loop, namely the Popov-Vereshchagin solver, expects that the Cartesian
space task drivers are expressed w.r.t. the robot base frame. For that reason, is
it necessary to perform a coordinate transformation of these values. Here, the
acceleration constraint motion driver is transformed in the same manner as in
the previous two use cases (see section 6.1.2). However, the artificial external
force driver is transformed using rotation matrix BRTF , which represents relative
orientation of the force task frame T F w.r.t robot’s base frame B.

Other components that constitute this control architecture, such as, the con-
strained hybrid dynamics solver and the prediction component, are reused from the
control architectures defined in the previous two use cases, without modifications.
However, the finite state machine (FSM) is modified for this use case, and more
details about these modifications are presented in the following.
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Figure 6.11: Main control loop for the third use case.
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Figure 6.12: Error function for the third use case. The complete task error defines:
i) a 3 × 1 vector E associated with robot pose deviations in linear X, linear Y
and angular Z directions, ii) a scalar value ex,v associated with robot’s tube speed
deviations in linear X direction and iii) a 3× 1 vector EF associated with robot’s
contact force deviations in linear Z, angular X and angular Y directions.
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Finite-State Machine (FSM): Here, for the task of cleaning a surface, the
FSM is created by reusing and extending control states of the FSMs that were
developed for the first and second use case. More specifically, STOP_MOTION

and TRANSITION_PATH_SECTION states are reused without modifications,
while the START-TO-CRUISE and CRUISE_THROUGH_TUBE states are reused
and extended. Additionally, two new control states, APPROACH_SURFACE

and ALIGN_WITH_SURFACE, are introduced and they are motivated by work
presented in [88]. A graphical representation of the FSM created for this uses, is
illustrated in figure 6.14.

In this use case, for the START-TO-CRUISE control state, an extended version
of the motion behaviour considered in the first use case (see section 6.1.2), is
defined. More specifically, in this control state, while the robot is moving towards
the task-specified tubular region and maintaining the zero tube-speed, the robot
is also following a surface of unknown shape and applying the desired normal
force, as defined in the above-presented task specification model. Furthermore, the
motion behaviour that is previously considered in the CRUISE_THROUGH_TUBE

state, is also extended in the same way. More specifically, in this control state,
while the robot is cruising through the tubular area, i.e. moving towards the goal
state and keeping itself within the task-specified tube bounds, the robot is also
following a surface of unknown shape and applying the desired normal force, as
defined in the above-presented task specification.

The newly introduced control states, i.e. the APPROACH_SURFACE and
ALIGN_WITH_SURFACE states, define motion behaviours where the robot is
approaching towards and aligning with the surface, respectively. More specifically,
in the former state, the robot action is characterized by a guarded motion [81],
[89], i.e. the robot moves towards the surface and it stops when the sensors detect
a contact force. This type of robot action can be specified using the same task
specification model that is introduced for the first use case (see section 6.1.2). On
the other side, the latter state is defined by the behaviour where the robot exerts
a certain force against the surface and at the same time, opposes the reaction
moments generated on the manipulated object while keeping the zero tangential
velocities. The task specification model for this robot action is proposed and
presented in [81].

Many of the events defined in the FSMs from previous two use cases are reused
here. However, several new events that trigger the connecting transitions between
the states in this use case are introduced and they are the following [88]:

• e_no_contact : defines that the robot’s sensors have not sensed a contact
with the environment, in any of the linear X, Y, Z directions.

• e_contact_x_y : defines that the robot’s sensors have sensed a contact with
the environment, in the linear X or linear Y directions.

• e_contact_z : defines that the robot’s sensors have sensed a contact with
the environment, in the linear Z direction.

• e_align_done: defines that the robot has maintained the above-described
alignment for a pre-defined time period [88].
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Figure 6.14: Finite state machine developed for the task of cleaning a surface.
Figure based on [88].

• e_align_error : defines that the robot failed to regulate the task-defined
contact linear force and moments [88].
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6.4 Transporting an Unfamiliar Package

6.4.1 Strategy

To meet the challenge of this use case, the derived control approach should
consist of a method for compensating the effects that a grasped (unfamiliar) object,
i.e. an unknown load on the robot’s end-effector, causes. More specifically, the
control architecture should update the system’s model parameters and control
inputs accordingly, in order to enable a sufficiently accurate and stable motion
execution. However, here, the idea is to extend the control strategy defined for
the first use case (see section 6.1.1) and introduce the following control relaxation.
To relax the control for this type of task, the objective here is to take advantage
of the already existing computations performed in the control loop, to infer the
necessary information about the grasped object. More specifically, for deriving a
solution to this problem, features of the already considered ABAG controller and
the Popov-Vereshchagin hybrid dynamics solver can be exploited.

As presented in section 5.1, the ABAG algorithm is using feedback information
to approximate the unknown (non-modelled) dynamics parameters (inertia-mass,
damping, elasticity) of the controlled system [6]. More specifically, the information
about approximated dynamics is resembled by the controller’s bias term, which
is constantly adapting its value by following the trend in error. Furthermore, as
the bias term directly contributes to the ABAG’s final control command, this
controller, in turn, compensates for the effects of the aforementioned disturbances.
However, in this uses case, the idea is to exploit this already available (computed)
information about the non-modelled dynamics, in order to compensate for the
unknown load in a more systematic way. Namely, we can update and improve
the system’s model used in the computations of instantaneous robot dynamics
and in this way, take the object’s load into account explicitly. In other words,
with this procedure, we can improve the feedforward part of the developed control
architecture.

The Popov-Vereshchagin algorithm allows us to update the system’s model
in two ways, namely i) by directly alternating mass-inertia parameters of the
kinematic chain or ii) by specifying a physical Cartesian force on the end-effector
via solver’s external force interface (see section 4.2).
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6.4.2 Application

Task specification

For specifying the necessary motion in the task of transporting a package, the
already developed task specification model for the first use case (see section 6.1.2)
will be reused here.

Control Architecture

A control architecture that enables execution of the task defined under this use
case is presented in figure 6.15. All components that constitute the control loop
defined in the first use case, are reused in this architecture without modifications.

However, here, an additional component is added, namely, an estimator unit
that serves for estimating an unknown model of the grasped object. The graphical
representation of this component is presented in figure 6.16. Here, the first part
monitors (over a particular time window) ABAG’s gain and bias signals (~g, ~b), in
order to detect whether i) the bias signal has converged to a constant value (i.e. it
approximated the non-modelled dynamics of the system) and ii) the gain signal
has converged to the zero value. When such a situation occurs (i.e. the ABAG
controllers have reached a steady-state), the monitor raises e_signals_converged
event which triggers the second part of this component. Here, the current estimates
of either mass-inertia parameters of the grasped object or, the force exerted on
the end-effector by this object are updated. In figure 6.16, terms m̂O, r̂comO and
ÎrotO represent the estimated object’s mass, center of mass and rotational inertia,
respectively, while term BF̂

ext−physical
N represents the estimated spatial force on the

end-effector. Here, term ~breference represents the vector of steady-state bias values
that correspond to a situation in which the robot has performed, in advance, a
specific type of motion without holding the object in its hand. The purpose of this
term will be described with more details, in the following.
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Excitation of Parameters

When a robot carries an object, the load impacts different aspects of the robot’s
dynamics [14], [19]. More specifically, the impact originating from the object’s
mass can be directly observed in i) the gravitational force that constantly acts on
the robot system and ii) the inertial force that opposes the robot system from
accelerating in a linear direction, i.e. resist a change in the object’s linear motion.
However, as the above-mentioned forces are considered to act on the object’s center
of mass (COM), the position of this point additionally influences the effects that
these forces cause. On the other side, the impact originating from the object’s
rotational inertia can be observed in the inertial torque that opposes the robot
system from accelerating in a angular direction, i.e. resist a change in the object’s
angular motion.

Mass and Center of Mass In order to estimate the unknown object’s mass
and center of mass parameters or, the effects that they cause, it is necessary
to excite these parameters [14]. The excitation can be performed in two ways,
passively and actively.

The passive excitation method exploits an already existing force in nature, i.e.
the gravitational force that constantly acts on the grasped object. Namely, after
lifting the object and before starting the transportation motion, the robot can
be commanded to hold the object in a steady pose, i.e. maintain the zero end-
effector/object’s velocity. In this situation, due to not accurate model (unknown
load), the computations of robot dynamics (i.e. the Popov-Vereshchagin solver) will
not accurately consider the effects of the gravitational force that acts on the robot
system. To compensate for these effects and maintain the zero end-effector/object’s
velocity, the ABAG controllers (see the graph in figure 6.4) will adapt magnitudes
and signs of their respective bias terms, for all Cartesian DOFs in which this force
creates an impact. Additionally, it is necessary to, beforehand, perform a reference
trial with the robot, i.e. the same type of motion (maintaining the zero end-effector
velocity, in the same joint configuration) but in this case, without the object in its
hand. In this way, the ABAG controllers will adapt the reference bias signals that
will be used in the following estimation procedure.
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In the actual estimation procedure, once the ABAG controllers have reached a
steady-state, for each DOF, the value of associated bias signal will be compared
with the value of its counterpart breference, which was previously adapted. The
difference between values of these two bias signal sets (i.e. those that correspond
to i) the motion with the object and ii) motion without the object in the hand)
will resemble the effects of unknown object’s mass and center of mass. Thus, based
on these observed differences, either the mass and COM (m̂O and r̂comO ) parameters
or, the specification of the spatial physical external force acting on the end-effector
(BF̂ ext−physical

N ), will be updated in the system’s model accordingly. However, in
order to complete the estimation, it is often necessary to perform this update
procedure multiple times, until the current bias values (~b) converge to the reference
bias values (~breference).

In the case where a user chooses the option of directly alternating mass and
center of mass parameters in the model, instead of alternating the specification
of BF̂

ext−physical
N term, it necessary to distinguish (in the estimation procedure)

between the effects of unknown mass and the effects of unknown center of mass.
Here, the knowledge of how the gravitational force impacts objects with different
center of mass positions will be exploited. Namely, if a current estimate of the
COM position (which is used in the computations of robot dynamics) is not correct,
the effect will be seen in the change of bias value for more then one DOF. In other
words, a non-negligible difference between the current and reference bias will be
observed in, not just the direction of gravitational force, but also in one or multiple
other directions, e.g. about other two orthogonal axes.

In the above-described excitation method, the force that excites the mass and
center of mass parameters or, the effects that they cause, already exist in nature.
However, the excitation of those parameters or, the effects that they cause, can
also be performed actively; by accelerating the object in a linear direction that
is orthogonal to the direction of gravitational force. Here, the impact originating
from the object’s mass can be directly observed in the inertial force that opposes
the system from accelerating in a linear direction, i.e. resist a change in the object’s
linear motion. Similarly to the previous method, the estimation procedure in
this method starts after the grasped object is lifted. However, here, instead of
commanding the robot to hold the object in a steady pose, the robot is commanded
to move the object in a linear direction (that is orthogonal to the direction of
gravitational force) with a constant acceleration. Due to inaccurate model, the
computations of robot dynamics (i.e. the Popov-Vereshchagin solver) will not
accurately consider the aforementioned inertial force that acts on the robot system.
To compensate for these effects and maintain the constant linear acceleration, the
ABAG controllers will adapt magnitudes and signs of their respective bias terms,
for all DOFs in which the inertial force creates an impact. Here as well, it is
necessary to (beforehand) perform a reference trial with the robot, i.e. the same
type of motion but in this case, without the object in its hand; in order to produce
the reference bias signals. The rest of the estimation process considered in this
active excitation method is the same as in the previously described method.
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Rotational Inertia Here, excitation of the object’s rotational inertia will be
performed in an active way, i.e. by actively accelerating the object in an angular
direction. The impact originating from the object’s rotational inertia can be
observed in the inertial torque that resist a change in the object’s angular motion.
The estimation procedure in this method also starts after the grasped object is
lifted. However, here, instead of commanding the robot to move the object in a
linear direction, the robot is commanded to move the object in a angular direction,
with a constant acceleration. Due to not accurate model, the computations of robot
dynamics (i.e. the Popov-Vereshchagin solver) will not accurately consider the
aforementioned inertial torque that acts on the robot system. To compensate for
these effects and maintain the constant angular acceleration, the ABAG controllers
will adapt magnitudes and signs of their respective bias terms, for all DOFs in
which this inertial torque creates an impact. Here as well, it is necessary to
(beforehand) perform a reference trial with the robot, i.e. the same type of angular
motion but in this case, without the object in its hand; in order to produce the
reference bias signals.

In the actual estimation procedure, the difference between values of these two
bias signal sets (i.e. those that correspond to i) the motion with the object and ii)
motion without the object in the hand) will resemble the effects of unknown object’s
rotational inertia. Thus, based on these observed differences, either the rotational
inertia parameter (ÎrotO ) or, the specification of the spatial physical external force
acting on the end-effector (BF̂ ext−physical

N ), will be updated in the model accordingly.
However, in order to complete the estimation, it is often necessary to perform this
update procedure multiple times, until the current bias values (~b) converge to the
reference bias values (~breference).
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7

Experimental Evaluation and

Results

This chapter presents an experimental evaluation of the proposed strategies,
i.e. evaluation of the task specification models and control architectures, for the
first three uses cases considered in section 1.2. Here, the goal is to validate the
derived control approach for each previously defined robot task, in a simulation
environment and/or on a real robot platform.

For providing a simulation environment in which the following tests are con-
ducted, an already existing software framework is used, i.e. the “OROCOS/ROS
Components for Light Weight Robots" [90] framework, which combines the Gazebo,
an open-source multi-robot simulator [91] and OROCOS Real-Time Toolkit [92].
In this framework, the simulated robot model is the 7-DOF KUKA Lightweight
Robot 4 [93]. The reader should note that in this simulation framework, the
friction in robot’s joints and noise in robot’s sensors are simulated based on the
framework’s internal (build-in) friction and noise models, which are not part of
the robot’s dynamics model. However, in the following simulation-based experi-
ments, the robot dynamics model that is used in dynamics computations of the
developed control architectures is the same as the robot dynamics model used by
this simulation framework.

On the other side, the real robot platform that is used in this evaluation
approach is the 5-DOF KUKA youBot [94]. However, for this platform, the robot
model that is provided in the official youBot-Store documentation [95] is used in
dynamics computations of the developed control architectures.
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position-tube
goal area

Figure 7.1: Visualization of the KUKA LWR 4 model and its initial configuration
for the pre-grasp motion task execution, in the simulation environment. Here, the
simulation software [90] has generated a virtual tube (based on the task-defined
bonds), to enhance the visualization for this task execution. The virtual tube is
depicted with gray color. For each frame presented in the figure, red color stands
for X axis, green color for Y axis and blue color for Z axis.

7.1 Pre-Grasp Motion

7.1.1 Simulation Environment

Experimental Setup

In this experiment, pre-grasp motion task is performed in a simulation environ-
ment. Here, the robot is commanded to move towards a pre-defined goal area while
keeping its end-effector within the task defined position-tube bounds. Additionally,
the robot is constrained to maintain a predefined speed throughout the tube, until
it reaches the goal area. However, the initial robot configuration is chosen in such
a way that, at the start of the task execution, the end-effector’s position is outside
of the position-tube bounds. The experimental setup is presented in figure 7.1,
while the task specification created for this test is presented in the following:
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Parameter Value
Initial joint configuration 2.967, 1.023, -0.131, 1.612, 0.221, 0.177, 0.015 [rad]
Task frame position X: -0.200, Y: -0.308, Z: 0.632 [m]

Task frame orientation R =





−0.432 0.730 0.527
−0.730 0.058 −0.679
−0.527 −0.679 0.508



 [m]

S-Curve velocity profile 0.05 + 0.12 · sin (rx · 5.0) [m/s]
Prediction horizon 2.5 s
Maximum commands X: 60.0, Y: 60.0, Z: 60.0 [Nm

s2
].

Control loop frequency 630 Hz
Gravity compensation Disabled

Table 7.1: Main control parameters for the pre-grasp motion experiment in the
simulation environment.

Task specification for the pre-grasp motion task: Simulation envi-
ronment

move compliantly { // with task frame directions

• TX: s-curve velocity profile [m/s], velocity-tolerance 0.005 [m/s]

• TY : 0 [m], position-tube 0.01 [m]

• TZ: 0 [m], position-tube 0.01 [m]

• TaX:

• TaY :

• TaZ:















no specification

} until either: • goal area reached, tolerance 0.03 [m]

• or TFX / TFY / TFZ > 0.5 [N]

• or task time > 9 [s]

The main control parameters used in this experiment are summarized in
table 7.1. Here, the position and orientation of the task frame are expressed with
respect to the robot’s base frame. However, the current robot’s position in the X
direction, represented by rx term, is expressed with respect to the task frame. In
this table, the maximum commands represent the maximum allowed acceleration
energy setpoints for the robot’s end-effector (for more details see section 6.1.2).
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Results

The result of this experiment is depicted in figures 7.2, 7.3, 7.4, 7.5 and 7.6. In
these control graphs, the reference and measured robot positions and velocity are
all defined with respect to the task frame (T).

From the first four above-presented control graphs, we can observe three
different control phases in this task execution. More specifically, since at the start
of the task execution the end-effector’s position is outside of the tube bounds, the
finite state machine (FSM) that is part of the control architecture developed in
section 6.1.2 starts the task execution in the START-TO-CRUISE state. Here, the
robot is commanded to maintain the zero tube-velocity (in the linear X direction of
the task frame), until it reaches the task-defined position-tube bounds. Once the
robot is inside the tube, at a time around 4.5 s (see figures 7.3 and 7.4), the FSM
makes the transition to the CRUISE_THROUGH_TUBE state. From this point on,
the robot moves through the tube with the task defined velocity. However, once
the robot reaches the goal area, at a time around 8.5 s (see figure 7.5), the FSM
switches to the STOP_MOTION state.

The graph presented in figure 7.2, reports the response of the main control
loop for the linear X-direction, i.e. how well the control architecture developed
in section 6.1.2 tracks the changing speed reference. Here, the first row depicts
the measured and desired robot velocities, together with the upper and lower
velocity-tolerances. The second row presents the computed velocity error, i.e. the
difference between the measured and desired velocity values, at each time step
(for more details on this error calculations, see figure 6.3). Last two rows in this
control graph depict the behaviour of the ABAG controller, i.e. its adapted signals,
for this DOF.

The presented control graph shows that the developed control architecture has
achieved sufficiently accurate and stable tracking of the changing velocity reference,
with minor overshoots over the predefined velocity-tolerances. Additionally, the
results show a very good response of the ABAG controller, even in the case of
sudden changes in the reference values.
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Figure 7.2: Response of the main control loop for the linear X-direction, during the pre-grasp motion task execution in the
simulation environment. Here, the measured and reference velocity values are expressed with respect to the task frame (T). The
notable time-points are at 4.5 s and 8.5 s.
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The control graphs presented in figures 7.3 and 7.4, report the response of
the main control loop for the linear Y and linear Z directions, respectively. More
specifically, these control graphs show how well the developed control architecture
keeps the robot’s end-effector within the defined position-tube bounds. The first
row, in both graphs, depicts the measured robot position together with the upper
and lower position-tube tolerances. The second row, in both graphs, presents the
computed position error which is, in this case, defined by the difference between
the predicted and desired position values, at each time step (for more details on
this error calculations, see section 6.1.2). The last two rows of these control graphs
depict the behaviour of the ABAG controllers, i.e. their adapted signals.

The presented control graphs show that the developed control architecture has
met the predefined thresholds and achieved stable tracking of the task-defined
position tube, for both linear Y and linear Z directions, without any overshoots
from these tight bounds.

In figure 7.6, the computed joint torque commands are depicted, together with
the upper and lower saturation limits, for each robot’s joint. These saturation
limits are enforced in the dynamics computations of this control architecture, i.e.
in line 26 of Algorithm 2. However, from this figure, we can observe that the
robot has executed the task by using a very small percentage of the maximum joint
torques. Furthermore, actuation in some of the joints, such as actuation in first,
fifth and seventh, was not required at all, during the large part of the task execution.
This behaviour occurs due to the fact that both, the ABAG controller (while
computing the non-instantaneous control) and the Popov-Vereshchagin solver
(while resolving the instantaneous dynamics) are exploiting the already existing
forces in nature, such as, in this case, modelled gravitational and non-modelled
joint friction forces, to achieve the desired robot states.

94



C
hapter

7.
E

xp
erim

ental
E

valuation
and

R
esults

 

0.00

0.02

0.04

[m
]

measured position
desired  position
upper tolerance
lower tolerance

 

0.0

0.1

0.2

0.3

[m
]

input error: e

 

1.0

0.5

0.0

0.5

1.0

[%
]

ABAG: low-pass filtered error sign

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0 8.5 9.0
time [s]

0.2

0.1

0.0

0.1

[%
]

ABAG: bias
ABAG: gain * sign(e)
ABAG: u

Control of Robot Position in Linear Y Direction

Figure 7.3: Response of the main control loop for the linear Y-direction, during the pre-grasp motion task execution in the simulation
environment. Here, the measured and reference position values are expressed with respect to the task frame (T).
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Figure 7.4: Response of the main control loop for the linear Z-direction, during the pre-grasp motion task execution in the simulation
environment. Here, the measured and reference position values are expressed with respect to the task frame (T).
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7.1.2 Real Robot Platform

Experimental Setup

In this experiment, pre-grasp motion task is performed using a real robot
platform. Similarly to the previous experiment, the robot is commanded to move
towards a pre-defined goal area while keeping its end-effector within the task
defined position-tube bounds. Additionally, the robot is constrained to maintain a
predefined speed throughout the tube, until it reaches the goal area. The initial
robot configuration is chosen in such a way that, at the start of the task execution,
the end-effector’s position is outside of the position-tube bounds. However, in
contrast to the previous experiment, here, the position and orientation of the
task frame are chosen in such a way that, the robot is required to move in an
upward direction, in order to reach the goal area. The reason for making such a
setup is a necessity to evaluate performance of the control architecture developed
in section 6.1.2 for the case when the gravitational force interfere (contribute
negatively to) the task execution. The experimental setup is presented in figure 7.7,
while the task specification created for this test is presented in the following:

Task specification for the pre-grasp motion task:
Real robot platform

move compliantly { // with task frame directions

• TX: s-curve velocity profile [m/s], velocity-tolerance 0.003 [m/s]

• TY : 0 [m], position-tube 0.015 [m]

• TZ: 0 [m], position-tube 0.015 [m]

• TaX:

• TaY :

• TaZ:















no specification

} until either: • goal area reached, tolerance 0.02 [m]

• or task time > 9.5 [s]

The main control parameters used in this experiment are summarized in
table 7.2. Here, the position and orientation of the task frame are expressed with
respect to the robot’s base frame. However, the current robot’s position in the X
direction, represented by rx term, is expressed with respect to the task frame. In
this table, the maximum commands represent the maximum allowed acceleration
energy setpoints for the robot’s end-effector (for more details see section 6.1.2).
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position-tube

goal
area

Figure 7.7: Visualization of the real 5-DOF KUKA youBot and its initial configu-
ration for the pre-grasp motion task execution. Here, a virtual tube is manually
added in the image, in order to enhance the visualization for this task execution.
The virtual tube is depicted with gray color. For each frame presented in the
figure, red color stands for X axis, green color for Y axis and blue color for Z axis.

Parameter Value
Initial joint configuration 1.384, 1.597, -1.495, 1.925, 2.957 [rad]
Task frame position X: 0.019, Y: 0.185, Z: 0.240 [m]

Task frame orientation R =





0.0 0.914 −0.404
−0.914 0.163 0.369
0.404 0.369 0.836



 [m]

S-Curve velocity profile 0.05 · sin (rx · 15.0) [m/s]
Prediction horizon 2.5 s
Maximum commands X: 10.0, Y: 10.0, Z: 10.0 [Nm

s2
].

Control loop frequency 660 Hz
Gravity compensation Disabled

Table 7.2: Main control parameters for the pre-grasp motion experiment on the
real robot platform.
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Results

The result of this experiment is depicted in figures 7.8, 7.9, 7.10, 7.11 and 7.12.
In these control graphs, the reference and measured robot positions and velocity
are all defined with respect to the task frame (T).

From the first four above-presented control graphs, we can observe three
different control phases in this task execution. More specifically, since at the start
of the task execution, the end-effector’s position is outside of the tube bounds, the
finite state machine (FSM) that is part of the control architecture developed in
section 6.1.2 starts the task execution in the START-TO-CRUISE state. Here, the
robot is commanded to maintain the zero tube-velocity (in the linear X direction of
the task frame), until it reaches the task-defined position-tube bounds. Once the
robot is inside the tube, at a time around 4.7 s (see figures 7.9 and 7.10), the FSM
makes the transition to the CRUISE_THROUGH_TUBE state. From this point on,
the robot moves through the tube with the task defined velocity. However, once
the robot reaches the goal area, at a time around 8.5 s (see figure 7.11), the FSM
switches to the STOP_MOTION state.

The graph presented in figure 7.8, reports the response of the main control
loop for the linear X-direction, i.e. how well the developed control architecture
tracks the changing speed reference. Here, the first row depicts the measured and
desired robot velocities, together with the upper and lower velocity-tolerances.
The second row presents the computed velocity error, i.e. the difference between
the measured and desired velocity values, at each time step (for more details on
this error calculations, see figure 6.3). Last two rows in this control graph depict
the behaviour of the ABAG controller, i.e. its adapted signals, for this DOF.

The presented control graph shows that the developed control architecture has
achieved sufficiently accurate and stable tracking of the changing velocity reference,
with minor overshoots over the predefined velocity-tolerances. Additionally, the
results show a good response of the ABAG controller, even in the case of sudden
changes in the reference values.
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Figure 7.8: Response of the main control loop for the linear X-direction, during the pre-grasp motion task execution on the real
robot platform. Here, the measured and reference velocity values are expressed with respect to the task frame (T). The notable
time-points are at 4.7 s and 8.5 s.
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The control graphs presented in figures 7.9 and 7.10, report the response of
the main control loop for the linear Y and linear Z directions, respectively. More
specifically, these control graphs show how well the developed control architecture
keeps the robot’s end-effector within the defined position-tube bounds. The first
row, in both graphs, depicts the measured robot position together with the upper
and lower position-tube tolerances. The second row, in both graphs, presents the
computed position error which is, in this case, defined by the difference between
the predicted and desired position values, at each time step (for more details on
this error calculations, see section 6.1.2). The last two rows of these control graphs
depict the behaviour of the ABAG controllers, i.e. their adapted signals.

The presented control graphs show that the developed control architecture has
met the predefined thresholds and achieved stable tracking of the task-defined
position tube, for both linear Y and linear Z directions, without any overshoots
from these tight bounds.

In figure 7.12, the computed joint torque commands are depicted, together
with the upper and lower saturation limits, for each robot’s joint. From this
graph, we can observe that the robot, during the task execution, used a very
small percentage of the maximum joint commands for only the first and last joint.
Stronger actuation of these two joints is not necessary since the specified task
requires the robot to move in a vertical plane, that is defined by the rotational
axes of the first and last joint. However, we can observe that the robot has used
a higher percentage of the maximum joint commands for the second, third and
fourth joint, during the task execution. This behaviour occurs due to the fact that,
in this case, the gravitational force interfere (contribute negatively to) the task
execution and for that reason, both the ABAG controller (while computing the
non-instantaneous control) and the Popov-Vereshchagin solver (while resolving the
instantaneous dynamics) are not exploiting this already existing force in nature to
achieve the desired robot states. Additionally, as seen in the aforementioned graph,
the computed command-signals for these three joints are less smooth compared to
the joint command-signals produced in the previously conducted simulation-based
experiment. The factors that influence this behaviour are: i) noisy estimates of
the robot state, produced by the youBot’s internal sensors and ii) not completely
accurate robot model used in the dynamics computations. The former factor
interferes the computations of the ABAG controllers. However, both the former
and the latter factors interfere the computation of instantaneous robot dynamics
performed by the Popov-Vereshchagin solver.
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Figure 7.9: Response of the main control loop for the linear Y-direction, during the pre-grasp motion task execution on the real
robot platform. Here, the measured and reference position values are expressed with respect to the task frame (T).
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Figure 7.10: Response of the main control loop for the linear Z-direction, during the pre-grasp motion task execution on the real
robot platform. Here, the measured and reference position values are expressed with respect to the task frame (T).
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Figure 7.12: Computed joint torque commands, during the pre-grasp motion task execution on the real robot platform. The notable
time-points are at 4.7 s and 8.5 s.
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7.2 Following a Pre-defined Path

7.2.1 Simulation Environment

Experimental Setup

In this experiment, following a pre-defined path task is performed in a simulation
environment. Here, the task is defined with multiple goal states/areas instead of
just one, i.e. the robot is commanded to follow predefined position waypoints along
the Cartesian path, while keeping its end-effector within the task defined position-
tube bounds. Additionally, the robot is constrained to maintain a predefined speed
while cruising through tubular areas, until it completes the path traversal. As
previously described in section 6.2.2, each waypoint in the task-defined Cartesian
path has associated its own task frame. This means that it is necessary to define
one instance of the task specification for each waypoint in this path. However,
in this experiment, the created task specification instances share the same task
parameters (such as position-tube bounds, velocity references and tolerances, goal
area tolerances, contact force and total task-time thresholds), while being associated
to different task frames. The experimental setup is presented in figure 7.13, while an
instance of the task specification created for this test is presented in the following:

Task specification for the following a pre-defined path task:
Simulation environment

move compliantly { // with task frame directions

• TkX: 0.06 [m/s], velocity-tolerance 0.005 [m/s]

• TkY : 0 [m], position-tube 0.01 [m]

• TkZ: 0 [m], position-tube 0.01 [m]

• TkaX:

• TkaY :

• TkaZ:















no specification

} until either: • goal area reached, tolerance 0.001 [m]

• or TkFX / TkFY / TkFZ > 0.5 [N]

• or total task-time > 12 [s]

Here, Tk stands for the task frame associated with k-th waypoint in the defined
path. In this setup, the initial robot configuration is chosen in such a way that, at
the start of the task execution, the end-effector’s position is outside of the tube
bounds, which are defined in the task specification instance that corresponds to
the first waypoint.

The main control parameters used in this experiment are summarized in
table 7.3. Here, the positions of the start and end path-points are expressed
with respect to the robot’s base frame. The path’s step parameters are also
expressed with respect to the robot’s base frame. In this table, the maximum
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path-points

Figure 7.13: Visualization of the KUKA LWR 4 model and its initial configuration
for the following a pre-defined path task, in the simulation environment. Here, the
simulation software [90] has generated virtual path-points and their associated goal
areas (based on the task-defined path and bounds), to enhance the visualization for
this task execution. These waypoints are represented with green color, while the
virtual goal-area for each waypoint is depicted with gray color. Here, a visualization
of the virtual tubular areas is omitted.

commands represent the maximum allowed acceleration energy setpoints for the
robot’s end-effector (for more details on this quantity see section 6.2.2).

Results

The result of this experiment is depicted in figures 7.14, 7.15, 7.16, 7.17, 7.18
and 7.19. The first three control graphs report the response of the main control
loop for the linear X, linear Y and linear Z directions, respectively, i.e. how well
the control architecture developed in section 6.2.2 tracks the task defined path
and bounds. In these three aforementioned control graphs, the measured and
reference robot positions and velocity correspond to the whole path. Additionally,
these measured and reference quantities are, at each time instance, expressed with
respect to a task frame (Tk) that corresponds to the path section through which
the robot is currently cruising.

From the first five above-presented control graphs, we can observe four different
control phases in this task execution. More specifically, since at the start of the task
execution the end-effector’s position is outside of the tube bounds, the finite state
machine (FSM) that is part of the control architecture developed in section 6.2.2
starts the task execution in the START-TO-CRUISE state. Here, the robot is
commanded to maintain the zero tube-velocity (in the linear X direction of the first
task frame (T1)), until it reaches the task-defined position-tube bounds (in the linear
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Parameter Value
Initial joint configuration 1.00, 0.00, 0.00, -1.57, 0.00, 1.57, 0.00 [rad]

Task path

Step Sequence
Largest step in Z direction: 12.0 cm
Largest step in X direction: 3.0 cm
Number of path points: 12

Start path position X: -0.200, Y: -0.348, Z: 0.632 [m]
End path position X: 0.099, Y: -0.348, Z: 0.612 [m]
Prediction horizon 1.5 s
Maximum commands X: 60.0, Y: 60.0, Z: 60.0 [Nm

s2
].

Control loop frequency 630 Hz
Gravity compensation Disabled

Table 7.3: Main control parameters for the following a pre-defined path experiment
in the simulation environment.

Y and Z directions of the first task frame (T1)). Once the robot is inside the tube, at
a time around 0.1 s (see figures 7.15 and 7.16), the FSM makes the transition to the
CRUISE_THROUGH_TUBE state. From this point on, the robot moves through
the tube with the task defined velocity. Once the robot reaches the current sub-goal
area in the path, the FSM makes a switch to the TRANSITION_PATH_SECTION

state. Here, the current instance of the task specification, that is used in the
control loop computations, is replaced with an instance that corresponds to
the next waypoint in the path. For more details on the behaviour of these
two (CRUISE_THROUGH_TUBE and TRANSITION_PATH_SECTION ) states
throughout the whole path traversal, see section 6.2.2. However, these changes of
the task frame cause certain effects on the control computations, which can be
observed in the figure 7.14. More specifically, at time instances around 0.4 s, 0.6 s,
1.9 s, 2.9 s, etc., we can observe large changes in the velocity measurements, i.e.
the value of measured velocity drops to a value that is close to 0 m

s
. These effects

are caused by large changes in the relative orientation between two consecutive
task frames (see figure 7.13). However, in the figure 7.14, we can also observe
that the value of reference velocity did not change in these situations since the
two consecutive task specification instances share the same velocity parameters.
Nevertheless, once the robot reaches the final goal area, i.e. the one that corresponds
to the last path-section, at a time around 11.8 s (see figure 7.14), the FSM switches
to the STOP_MOTION state and stops the robot.

The control graph presented in figure 7.14, reports the response of the main
control loop for the linear X-direction, i.e. how well the control architecture
developed in section 6.2.2 tracks the speed reference. Here, the first row depicts
the measured and desired robot velocities, together with the upper and lower
velocity-tolerances. The second row presents the computed velocity error, i.e. the
difference between the measured and desired velocity values, at each time step
(for more details on this error calculations, see figure 6.3). Last two rows in this
control graph depict the behaviour of the ABAG controller, i.e. its adapted signals,
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for this DOF.
Here, we can observe effects on (i.e. large changes in) the robot’s velocity, caused

by two unforeseen disturbances that act on robot system. The first disturbance
occurred at the 0.0 s time, is produced by an imperfect disengage of the robot’s
simulated brakes. The imperfect disengaging of these brakes is performed internally
by the simulation framework once it received the first set of joint commands.
On the other side, the second disturbance occurred at a time around 2.1 s is
produced by the robot’s null-space motion, which is not explicitly controlled in this
experiment. Nevertheless, the presented control graph shows that the developed
control architecture has achieved sufficiently accurate and stable tracking of the
velocity reference, with minor overshoots over the predefined velocity-tolerances.
Additionally, the results show a very good response time of the ABAG controller;
even in the case of i) sudden changes in the reference task frame, ii) disturbance
produced by an imperfect disengage of robot’s simulated brakes and iii) disturbance
produced by the robot’s null-space motion.
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Figure 7.14: Response of the main control loop for the linear X-direction, during the following a pre-defined path task execution in
the simulation environment. Here, the measured and reference velocity values are, at each time instance, expressed with respect to
a task frame (Tk) that corresponds to the path section through which the robot is currently cruising. The notable time-points are
at 0.0 s, 0.1 s, 0.4 s, 0.6 s, 1.9 s, 2.1 s, 2.9 s, 4.9 s, 6.0 s, 7.6 s, 8.7 s, 9.2 s, 10.3 s, 10.8 s and 11.8 s
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The control graphs presented in figures 7.15 and 7.16, report the response of
the main control loop for the linear Y and linear Z directions, respectively. More
specifically, these control graphs show how well the developed control architecture
keeps the robot’s end-effector within the defined position-tube bounds. The first
row, in both graphs, depicts the measured robot position together with the upper
and lower position-tube tolerances. The second row, in both graphs, presents the
computed position error which is, in this case, defined by the difference between
the predicted and desired position values, at each time step (for more details on
this error calculations, see section 6.1.2). The last two rows of these control graphs
depict the behaviour of the ABAG controllers, i.e. their adapted signals. The
same position trend that is depicted in figure 7.15 is also visible in the figure 7.18,
i.e. these two figures present the same aspect of the task execution but from the
different frame of reference. On the other hand, the same position trend that is
depicted in figure 7.16 is also visible in the figure 7.17, i.e. these two figures present
the same aspect of the task execution but from the different frame of reference.

The aforementioned control graphs together with figures 7.17 and 7.18 show
that the developed control architecture has met the predefined thresholds and
achieved stable tracking of the task-defined tubular areas, for both linear Y and
linear Z directions, without any overshoots from these tight bounds.

In figure 7.19, the computed joint torque commands are depicted, together
with the upper and lower saturation limits, for each robot’s joint. These saturation
limits are enforced in the dynamics computations of this control architecture, i.e.
in line 26 of Algorithm 2. However, from this figure, we can observe that the
robot has executed the task by using a very small percentage of the maximum joint
torques. Furthermore, actuation in some of the joints, such as actuation in first,
fifth and seventh, was not required at all, during the large part of the task execution.
This behaviour occurs due to the fact that both, the ABAG controller (while
computing the non-instantaneous control) and the Popov-Vereshchagin solver
(while resolving the instantaneous dynamics) are (whenever possible) exploiting
the already existing forces in nature, such as, in this case, modelled gravitational
and non-modelled joint friction forces, to achieve the desired robot states.
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Figure 7.15: Response of the main control loop for the linear Y-direction, during the following a pre-defined path task execution in
the simulation environment. Here, the measured and reference position values are, at each time instance, expressed with respect to
a task frame (Tk) that corresponds to the path section through which the robot is currently cruising.
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Figure 7.16: Response of the main control loop for the linear Z-direction, during the following a pre-defined path task execution in
the simulation environment. Here, the measured and reference position values are, at each time instance, expressed with respect to
a task frame (Tk) that corresponds to the path section through which the robot is currently cruising.
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Figure 7.17: Resulting robot’s position in the X and Z directions, during the
following a pre-defined path task execution in the simulation environment. Here,
the measured and reference position values are expressed with respect to the
robot’s base frame.
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Figure 7.18: Resulting robot’s position in the Y and Z directions, during the
following a pre-defined path task execution in the simulation environment. Here,
the measured and reference position values are expressed with respect to the
robot’s base frame.
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Figure 7.19: Computed joint torque commands, during the following a pre-defined path task execution in the simulation environment.
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7.2.2 Real Robot Platform

Experimental Setup

In this experiment, following a pre-defined path task is performed on a real
robot platform, i.e. on the 5-DOF KUKA youBot. Here, similarly to the previous
experiment, the task is defined with multiple goal states/areas instead of just one,
i.e. the robot is commanded to follow predefined position waypoints along the
Cartesian path, while keeping its end-effector within the task defined position-tube
bounds. Additionally, the robot is constrained to maintain a predefined speed
while cruising through tubular areas, until it completes the path traversal. As
previously described in section 6.2.2, each waypoint in the task-defined Cartesian
path has associated its own task frame. This means that it is necessary to define
one instance of the task specification for each waypoint in this path. However,
in this experiment, the created task specification instances share the same task
parameters (such as position-tube bounds, velocity references and tolerances,
goal area tolerances, contact force and total task-time thresholds), while being
associated to different task frames. The task specification created for this test is
presented in the following:

Task specification for the following a pre-defined path task:
Real robot platform

move compliantly { // with task frame directions

• TkX: 0.05 [m/s], velocity-tolerance 0.003 [m/s]

• TkY : 0 [m], position-tube 0.015 [m]

• TkZ: 0 [m], position-tube 0.015 [m]

• TkaX:

• TkaY :

• TkaZ:















no specification

} until either: • goal area reached, tolerance 0.01 [m]

• or total task-time > 18 [s]

Here, Tk stands for the task frame associated with k-th waypoint in the defined
path. In this setup, the initial robot configuration is chosen in such a way that,
at the start of the task execution, the end-effector’s position is already inside the
tube bounds, which are defined in the task specification instance that corresponds
to the first waypoint.

The main control parameters used in this experiment are summarized in
table 7.4. Here, the positions of the start and end path-points are expressed with
respect to the robot’s base frame. In this table, the maximum commands represent
the maximum allowed acceleration energy setpoints for the robot’s end-effector
(for more details on this quantity see section 6.2.2).
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Parameter Value
Initial joint configuration 1.000, 1.353, -0.549, 0.732, 2.962 [rad]

Task path

Linear chirp function
Start frequency: 0.5 Hz
End frequency: 4.5 Hz
Amplitude: 0.05 [m]
Number of path points: 90

Start path position X: -0.085, Y: 0.272, Z: 0.238 [m]
End path position X: 0.222, Y: 0.285, Z: 0.238 [m]
Prediction horizon 2.5 s
Maximum commands X: 10.0, Y: 10.0, Z: 10.0 [Nm

s2
].

Control loop frequency 660 Hz
Gravity compensation Disabled

Table 7.4: Main control parameters for the following a pre-defined path experiment
on the real robot platform.

Results

The result of this experiment is depicted in figures 7.20, 7.21, 7.22, 7.23, 7.24
and 7.25. The first three control graphs report the response of the main control
loop for the linear X, linear Y and linear Z directions, respectively, i.e. how well
the control architecture developed in section 6.2.2 tracks the task defined path and
bounds, on a real robot platform. In these three aforementioned control graphs,
the measured and reference robot’s positions and velocity correspond to the whole
path. Additionally, these measured and reference quantities are, at each time
instance, expressed with respect to a task frame (Tk) that corresponds to the path
section through which the robot is currently cruising.

From the first five above-presented control graphs, we can observe three different
control phases in this task execution. More specifically, since at the start of the
task execution, the end-effector’s position is already inside the tube bounds, the
finite state machine (FSM), that is part of the control architecture developed
in section 6.2.2, starts the task execution in the START-TO-CRUISE state and
immediately at the 0.0s time (in the first iteration of the control loop), makes
the transition to the CRUISE_THROUGH_TUBE state (see figures 7.21 and 7.22).
From this point on, the robot moves through the tube with the task defined
velocity. Once the robot reaches the current sub-goal area in the path, the FSM
makes a switch to the TRANSITION_PATH_SECTION state. Here, the current
instance of the task specification, that is used in the control loop computations,
is replaced with an instance that corresponds to the next waypoint in the path.
For more details on the behaviour of these two (CRUISE_THROUGH_TUBE and
TRANSITION_PATH_SECTION ) states throughout the whole path traversal, see
section 6.2.2. However, these changes of the task frame cause certain effects on the
control computations, which can be observed in the figure 7.20. More specifically,
at time instances around 3.6 s, 5.6 s, 7.6 s, 9.4, etc., we can observe large changes
in the velocity measurements, i.e. the value of measured velocity drops to a value
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that is close to or bellow 0 m
s
. These effects are caused by large changes (in most

cases even larger compared to those in the simulation-based experiment) in the
relative orientation between two consecutive task frames. As the frequency of
the task-defined chirp function increases over time, the effect becomes stronger.
However, in the figure 7.20, we can also observe that the value of reference velocity
did not change in these situations since the two consecutive task specification
instances share the same velocity parameters. Nevertheless, once the robot reaches
the final goal area, i.e. the one that corresponds to the last path-section, at a time
around 17.1 s (see figure 7.20), the FSM switches to the STOP_MOTION state
and stops the robot.

The control graph presented in figure 7.20, reports the response of the main
control loop for the linear X-direction, i.e. how well the control architecture
developed in section 6.2.2 tracks the speed reference. Here, the first row depicts
the measured and desired robot velocities, together with the upper and lower
velocity-tolerances. The second row presents the computed velocity error, i.e. the
difference between the measured and desired velocity values, at each time step
(for more details on this error calculations, see figure 6.3). Last two rows in this
control graph depict the behaviour of the ABAG controller, i.e. its adapted signals,
for this DOF.

Here, no unforeseen disturbances have occurred during the task execution.
The presented control graph shows that the developed control architecture has
achieved sufficiently accurate and stable tracking of the velocity reference, with
minor overshoots over the tight velocity-tolerances. Additionally, the results show
a very good response time of the ABAG controller; even in the case of sudden
changes in the reference task frame.
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Figure 7.20: Response of the main control loop for the linear X-direction, during the following a pre-defined path task execution on
the real robot platform. Here, the measured and reference velocity values are, at each time instance, expressed with respect to a
task frame (Tk) that corresponds to the path section through which the robot is currently cruising. The notable time-points are at
3.6 s, 5.6 s, 7.6 s, 9.4 s, 11.2 s, 13.0 s, 14.9 s, 16.6 s and 17.1 s
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The control graphs presented in figures 7.21 and 7.22, report the response of
the main control loop for the linear Y and linear Z directions, respectively. More
specifically, these control graphs show how well the developed control architecture
keeps the robot’s end-effector within the defined position-tube bounds. Here, the
same position trend that is presented in figure 7.21 is also visible in the figure 7.23,
i.e. these two figures present the same aspect of the task execution but from the
different frame of reference. On the other hand, the same position trend that is
presented in figure 7.22 is also visible in the figure 7.24, i.e. these two figures
present the same aspect of the task execution but from the different frame of
reference.

The aforementioned control graphs together with figures 7.23 and 7.24 show
that the developed control architecture has met the predefined thresholds and
achieved stable tracking of the task-defined tubular areas, for both linear Y and
linear Z directions, without any overshoots from these tight bounds. However,
the position oscillations that are clearly visible in figures 7.21 and 7.22, occur
due to limitations in robot’s physical capabilities. More specifically, the control
graph presented in figure 7.21 shows us that the robot has limited capabilities
for performing curved motions. On the other side, the control graph presented in
figure 7.22 shows us that the system’s performance degrades as the manipulator
stretches further in the space.

In figure 7.25, the computed joint torque commands are depicted, together
with the upper and lower saturation limits, for each robot’s joint. From this graph,
we can observe that the robot has used a high percentage of the maximum joint
commands for the second, third and fourth joint, during the task execution. This
behaviour occurs due to: i) the aforementioned limitations in robot’s physical
capabilities and ii) the fact that gravitational force does not assist (contribute)
the task execution and thus, it is not exploited for achieving the desired states.
Additionally, in this graph, we can see that the computed command-signals for first
four joints are less smooth compared to the joint command-signals produced in
the previously conducted simulation-based experiment. The factors that influence
this behaviour are: i) noisy estimates of the robot state, produced by the youBot’s
internal sensors and ii) not completely accurate robot model used in the dynamics
computations. The former factor interferes the computations of the ABAG con-
trollers. However, both the former and latter factors interfere the computation of
instantaneous robot dynamics performed by the Popov-Vereshchagin solver.
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Figure 7.21: Response of the main control loop for the linear Y-direction, during the following a pre-defined path task execution on
the real robot platform. Here, the measured and reference position values are, at each time instance, expressed with respect to a
task frame (Tk) that corresponds to the path section through which the robot is currently cruising.

124



C
hapter

7.
E

xp
erim

ental
E

valuation
and

R
esults

 
0.015
0.010
0.005
0.000
0.005
0.010
0.015

[m
]

measured position
desired  position
upper tolerance
lower tolerance

 

0.10
0.05
0.00
0.05
0.10
0.15
0.20

[m
]

input error: e

 

1.0

0.5

0.0

0.5

1.0

[%
]

ABAG: low-pass filtered error sign

0.0 1.0 2.0 3.0 4.0 5.0 6.0 7.0 8.0 9.0 10.0 11.0 12.0 13.0 14.0 15.0 16.0 17.0 18.0
time [s]

0.70
0.45
0.20
0.05
0.30
0.55

[%
]

ABAG: bias
ABAG: gain * sign(e)
ABAG: u

Control of Robot Position in Linear Z Direction

Figure 7.22: Response of the main control loop for the linear Z-direction, during the following a pre-defined path task execution on
the real robot platform. Here, the measured and reference position values are, at each time instance, expressed with respect to a
task frame (Tk) that corresponds to the path section through which the robot is currently cruising.
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Figure 7.23: Resulting robot’s position in the X and Y directions, during the
following a pre-defined path task execution on the real robot platform. Here, the
measured and reference position values are expressed with respect to the robot’s
base frame.
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Figure 7.24: Resulting robot’s position in the X and Z directions, during the
following a pre-defined path task execution on the real robot platform. Here, the
measured and reference position values are expressed with respect to the robot’s
base frame.
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Figure 7.25: Computed joint torque commands, during the following a pre-defined path task execution on the real robot platform.
The notable time-points are at 3.6 s, 5.6 s, 7.6 s, 9.4 s, 11.2 s, 13.0 s, 14.9 s, 16.6 s and 17.1 s
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7.3 Cleaning a Surface

Experimental Setup

In this experiment, cleaning a surface task is performed in a simulation envi-
ronment, only. The reason for not performing this type of evaluation on a real
robot platform is the unavailability of a real robot system that is equipped with
sensors for estimating external (contact) forces.

Here, the robot is commanded to move towards a pre-defined goal area by i)
keeping its end-effector within the defined position-tube bounds and ii) maintaining
a predefined speed throughout this tube, until it reaches the goal area. Additionally,
the robot is required to - at the same time - follow a surface of unknown shape with
its manipulated object, i.e. maintain proper alignment between the manipulated
object and this surface. In this test, the initial robot configuration is chosen in
such a way that the robot’s end-effector is, at the start of the task execution,
located above the test surface. Due to such configuration, before it starts the
aforementioned (i.e. the main) part of the cleaning a surface task, the robot
must, first approach the surface and then, align with it. Here, for approaching the
test surface (a table in this case), the robot action is characterized by a guarded
motion [81], [89], i.e. the robot moves towards the surface and stops when its
built-in force/torque sensor detects a contact force. This type of robot action
is specified using the same task specification model that is introduced for the
first use case (see section 6.1.2) and previously evaluated in section 7.1. On the
other side, the initial alignment is defined by the behaviour where the robot exerts
a certain force against the surface and at the same time, opposes the reaction
moments generated on the manipulated object while keeping the zero tangential
velocities. The task specification model for that particular robot action is proposed
and presented in [81].
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Nevetheless, the task specification created for the main part of the cleaning a
surface test is presented in the following:

Task specification for the cleaning a surface task:
Simulation environment

move compliantly {

• TM

X: 0.03 [m/s], velocity-tolerance 0.003 [m/s]

• TM

Y : 0 [m], position-tube 0.07 [m]

• TF

Z: 0.03 [N], force-tolerance 0.003 [N]

• TF

aX: 0 [Nm], moment-tolerance 0.005 [Nm]

• TF

aY : 0 [Nm], moment-tolerance 0.005 [Nm]

• TM

aZ: no specification

} until either: • goal area reached, tolerance 0.003 [m]

• or TF

FX / TF

FY > 1 [N]

• or task time > 8 [s]

The experimental setup for this test is presented in figure 7.26. Here, the robot
system is equipped with a planar rigid object for cleaning the test surface and
the task consist of a single goal area. Here, the motion task frame (TM) is fixed
on the table, and its position and orientation do not change throughout the task
execution. The main control parameters used in this experiment are summarized
in table 7.5. Here, the position and orientation of the motion task frame (TM)
are expressed with respect to the robot’s base frame. In this table, the maximum
commands represent the maximum allowed acceleration energy and force setpoints
for the robot’s end-effector (for more details see section 6.3.2).
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motion
task framemanipulated

object

force 
task frame

Figure 7.26: Visualization of the KUKA LWR 4 model, its initial configuration and
a test surface (table) for the cleaning a surface task execution, in the simulation
environment. Here, the simulation software [90] has generated a virtual goal-area
(based on the task-defined bounds), to enhance the visualization for this task
execution. The virtual goal-area is depicted with gray color. For each frame
presented in the figure, red color stands for X axis, green color for Y axis and blue
color for Z axis.

Parameter Value
Initial joint configuration 1.12, 0.66, -0.13, -2.19, 1.64, 0.12, 0.01 [rad]
Force task frame location Bottom center of the manipulated object
Motion task frame position X: -0.009, Y: -0.454, Z: 0.120 [m]

Motion task frame orientation R =





0.707107 0.707107 0
−0.707107 0.707107 0

0 0 1



 [m]

Prediction horizon 2.5 s

Maximum commands
X: 80.0 [Nm

s2
], Y: 70.0 [Nm

s2
], Z: 300.0 [N ]

aX: 30.0 [Nm], aY: 30.0 [Nm]
Control loop frequency 770 Hz
Gravity compensation Enabled

Table 7.5: Main control parameters for the cleaning a surface experiment in the
simulation environment.
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Results

Results from this experiment are depicted in figures 7.27, 7.28, 7.29, 7.30, 7.31,
7.32 and 7.33. Here, the reference and measured velocity and positions are defined
with respect to the motion task frame (TM), while the reference and measured
force and moments are defined with respect to the force task frame (T F ).

The aforementioned control graphs describe robot behaviour that corresponds
to the main part of the cleaning a surface test. More specifically, the presented
robot data corresponds to the time period that started after the finite state
machine (FSM), which is part of the control architecture developed in section 6.3.2,
completed APPROACH_SURFACE and ALIGN_WITH_SURFACE states and from
them, transitioned to the START-TO-CRUISE state. Nevertheless, from the first
two above-presented control graphs, we can observe that the end-effector’s position
is initially outside of the tube bounds. Here, in the START-TO-CRUISE state,
the robot is commanded to, at the same time, i) move towards the task-specified
tubular region (in the linear Y direction of the motion task frame), ii) maintain
the zero tube-velocity (in the linear X direction of the motion task frame) and iii)
maintain alignment with the surface while applying the task-defined normal force
(in the linear Z direction of the force task frame). Once the robot has reached
the tube, at a time around 1.5 s (see figures 7.27 and 7.28), the FSM makes
the transition to the CRUISE_THROUGH_TUBE state. From this point on, the
robot is cruising through the tube with the task defined velocity and continues to
maintain alignment with the surface while applying the task-defined normal force.
However, once the robot reaches the goal area, at the 8.0 s time (see figure 7.32),
the FSM switches to the STOP_MOTION state and the task is completed. Note
that, in this case, the FSM does not consider TRANSITION_PATH_SECTION

state throughout task execution since that task consists of only one goal area.

The graph presented in figure 7.27 reports the response of the main control
loop for the linear X-direction, i.e. how well the control architecture developed
in section 6.3.2 tracks the changing speed reference. Here, the first row depicts
the measured and desired robot velocities, together with the upper and lower
velocity-tolerances (defined in the task specification). The second row presents
the computed velocity error, i.e. the difference between the measured and desired
velocity values, at each time step (for more details on this error calculations, see
figure 6.3). Last two rows in this control graph depict the behaviour of the ABAG
controller, i.e. its adapted signals. The presented control graph shows that the
developed control architecture has not achieved sufficiently accurate and smooth
tracking of the changing velocity reference. More specifically, the task-defined
velocity tolerance of 0.003 [m/s] has not been satisfied throughout the execution.
The factor that influences this behaviour is the continuously changing friction force
that exists due to the contact between the manipulated object and the table. This
disturbance opposes the robot from cruising throughout the tubular area and as
it changes frequently, the ABAG controller is not able to adapt its inner signals
on time to achieve a more stable response. This behaviour can be observed in
the values of the ABAG’s gain signal. We can see that this signal and thus, the
command output u, oscillate, i.e. they are not able to converge to a steady value
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in most parts of the task. Nevertheless, the origin of such frequently changing
friction force is actually the frequently changing normal force that is exercised on
the surface by the manipulated object. Moreover, at a time-period between 2.7s
and 3.0s, we can clearly observe the effect of this force on the robot’s tube-velocity.
More specifically, for this period, figure 7.29 shows that the robot’s normal force
(in the linear Z direction of the force task frame) had a low and steady value. From
figure 7.27 we see that the robot’s tube-speed, at the same time, has converged to
a steady and accurate value. In conclusion, these observations give us an insight
that the control of the robot’s tube-speed is, in turn, affected by the control of the
robot’s contact forces.

The control graph presented in figure 7.28 reports the response of the main
control loop for the linear Y direction. More specifically, it shows how well the
developed control architecture keeps the robot’s end-effector within the defined
position-tube bounds. The first row depicts the measured robot position together
with the upper and lower position-tube tolerances. The second row presents the
computed position error which is, in this case, defined by the difference between
the predicted and desired position values, at each time step (for more details on
this error calculations, see section 6.3.2). The last two rows of this control graph
depict the behaviour of the ABAG controller, i.e. its adapted signals. Even though
the control of robot’s motion in the linear X direction was not smooth and very
accurate, the presented control graph in figure 7.28 shows that the developed
control architecture has met the predefined thresholds and achieved stable tracking
of the task-defined position tube for the linear Y direction, without any overshoots
from these bounds.

The control graph presented in figure 7.29 reports the response of the main
control loop for the linear Z direction, i.e. how well the control architecture
developed in section 6.3.2 tracks the contact normal force reference. Here, the first
row depicts the measured and desired robot normal force, together with the upper
and lower force-tolerances (defined in the task specification). The second row
presents the computed force error, i.e. the difference between the measured and
desired force values, at each time step (for more details on this error calculations,
see figure 6.12). Last two rows in this control graph depict the behaviour of the
ABAG controller, i.e. its adapted signals. From this control graph, we can observe
that the developed control architecture has not achieved sufficiently accurate and
smooth tracking of the normal force reference. More specifically, the task-defined
force tolerance of 0.003 [N] has not been satisfied throughout the execution. The
factor that influences this behaviour is the low quality of the force feedback,
provided by the simulation framework that is used for this experiment. More
specifically, it has been observed that the simulated force/torque sensor produces
very noisy force estimates. For that reason, it was necessary to select a very high
value (i.e. 0.95) for the low-pass filtering factor α (presented in section 5.2), which
is used by the ABAG controller in this DOF (see the third row of 7.29 graph).

The control graphs presented in figures 7.30 and 7.31, report the response of the
main control loop for the angular X and angular Y directions, respectively. More
specifically, these control graphs show how well the developed control architecture
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regulates the reaction moments that act on the manipulated object (about X and
Y axes of the force task frame). The first row, in both graphs, depicts the measured
reaction moments together with the upper and lower task-defined tolerances. The
second row (in both graphs), presents the regulation error which is, for each of
these two DOFs, computed by tracking the directions of the linear forces exerted
on the surface [81]. More specifically, for the angular X direction the computed
error is arctan(−TF

Fy,
TF

Fz), while for the angular Y direction the computed
error is arctan(−TF

Fx,
TF

Fz). Here, the TF

Fx,
TF

Fy,
TF

Fz force measurements are
produced by the force/torque sensor that is mounted on the robot’s end-effector.
For more details on this type of regulation error calculation see [81]. Nevertheless,
the reason for employing this type of error calculation, instead of directly computing
the reaction-moment error presented in figure 6.12 (section 6.3.2) is the even lower
quality of the moment measurements produced by the aforementioned force/torque
sensor, compared to the linear force measurements. The last two rows of these
control graphs depict the behaviour of the ABAG controllers, i.e. their adapted
signals. The presented control graphs show that the developed control architecture
has achieved sufficiently accurate and stable regulation of the reaction moments,
for both angular X and angular Y directions, with minor overshoots over the
task-defined tolerances.
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Figure 7.27: Response of the main control loop for the linear X-direction, during the cleaning a surface task execution in the
simulation environment. Here, the measured and reference velocity values are expressed with respect to the motion task frame TM .
The notable time-points are at 1.5 s, 2.7 s and 3.0 s.
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Figure 7.28: Response of the main control loop for the linear Y-direction, during the cleaning a surface task execution in the
simulation environment. Here, the measured and reference position values are expressed with respect to the motion task frame TM .
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Figure 7.29: Response of the main control loop for the linear Z-direction, during the cleaning a surface task execution in the
simulation environment. Here, the measured and reference force values are expressed with respect to the force task frame T F . The
notable time-points are at 1.5 s, 2.7 s and 3.0 s.
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Figure 7.30: Response of the main control loop for the angular X-direction, during the cleaning a surface task execution in the
simulation environment. Here, the measured and reference moment values are expressed with respect to the force task frame T F .
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simulation environment. Here, the measured and reference moment values are expressed with respect to the force task frame T F .
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Chapter 7. Experimental Evaluation and Results

In figure 7.33, the computed joint torque commands are depicted, together
with the upper and lower saturation limits, for each robot’s joint. These saturation
limits are enforced in the dynamics computations of this control architecture, i.e.
in line 26 of Algorithm 2. From this figure, we can observe that the robot, once
it has reached the tubular area and a sufficiently high tube-velocity (at a time
around 2.0s), has executed the remaining part of the task by using a very small
percentage of the maximum joint torques. This behaviour occurs due to the fact
that the Popov-Vereshchagin solver (while resolving the instantaneous dynamics) is
exploiting the already existing forces in nature, such as, in this case, gravitational
force to achieve the desired robot state. Furthermore, actuation in some of the
joints, such as actuation in fifth and seventh, was not required at all, during the
large part of the task execution.
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8

Conclusion and Future Work

In this work, we created a lazy control strategy that relaxes several aspects
of robot control and enables the correct execution of different robot tasks. Task
specification models and control architectures that address the challenges presented
in section 1.2 are developed.

This work provides a detailed review on how the previously developed accelera-
tion constrained hybrid dynamics (ACHD) solver [2] and Adaptive Bias Adaptive
Gain (ABAG) [6] controller can be used, and their features be exploited, for
deriving different robot control architectures. Moreover, in this work, the solver’s
interface is extended with the artificial Cartesian force and feed-forward joint
torque task drivers. Furthermore, to support these two building blocks in enabling
the correct execution of the tasks presented in section 1.2, additional components
have been developed. More specifically, components such as i) error functions for
computing control deviations in different task directions, ii) prediction units that
provide estimates of future robot states, iii) finite state machines that monitor
execution of the specified tasks and alternate different control modes, and finally
iv) an estimator unit that serves for estimating an unknown load. Finally, to model
the desired motions and forces necessary for the execution of the aforementioned
tasks, a modified version of Task Frame Formalism (TFF) [81], [82] was developed.

To demonstrate the feasibility of the proposed lazy control approach, an
experimental evaluation was performed in a simulation environment and on a
real robot platform. For the first two use cases presented in section 1.2, the
experimental results have shown that the developed control architecture is able to
provide sufficiently accurate and stable tracking of the task-specified constraints
and tolerances, for both simulated and real robot. Evaluation of the proposed
control approach for the task presented in the third use case was performed in
a simulation environment. The results have shown that the developed control
architecture, in some of the task directions, was not able to achieve completely
accurate and smooth tracking of the task-defined constraints and tolerances. The
reason for such degraded performance (in those task directions) was the low-quality
force feedback, i.e. measurement provided by the simulation framework that was
used for this experiment.
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The rest of this section outlines the future work goals, i.e. proposes several
improvements to the developed control strategy.

Extending future state estimations:

• In this work, for completing the control feedback, the prediction component
is performing computations of future robot Cartesian poses by integrating
the measured robot’s Cartesian velocities. However, this component and
thus, the control feedback can be extended and improved with predictions
of the future robot’s Cartesian velocities. This additional information can
be simply derived from an output of the ACHD solver namely, the resultant
spatial accelerations Ẍ (computed for each segment in the kinematic chain).
Nevertheless, this type of future robot state estimation can be improved even
more by fusing the aforementioned model-based information with IMU data,
if available.

• Currently, in the FSM, the information about robot’s safety is derived based
on i) the measured joint positions q and joint velocities q̇, and ii) the resultant
joint accelerations q̈ that are computed by the Popov-Vereshchagin solver.
More specifically, this safety component is exploiting the already available
forward dynamics calculations to estimate the future robot joint states.
However, safety monitoring can be improved by also taking into account
future robot’s Cartesian states; to infer about the environmental impact
on the robot’s safety as well. For providing this type of state estimation,
the above-mentioned (extended) prediction component can be re-used and
combined with additional sensor information, such as perception data to
enable broader and smarter safety monitoring.

Extending task specification model

• Currently, for each motion goal area defined in the task, the existing task
specification model considers only one motion frame, with respect to which
both position-tube and orientation-tube constraints are specified. However,
this task specification model can be extended such that, it considers two
motion task frames, one with respect to which the position-tube constraints
will be specified and one with respect to which the orientation-tube constraints
will be specified. In this way, the task specification model is even less
constraining, i.e. it gives a user more freedom in designing the robot tasks.

• The developed task specification models, for the second and third use case,
allow a user to specify task constraints for each waypoint independently.
However, these task specification models and overall control architectures
can be extended to also take into account the task constraints that explicitly
define how the robot should behave while transitioning from one path section
to another.
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Chapter 8. Conclusion and Future Work

Improving estimation of the contact forces and moments: Currently, the
developed control architecture for the cleaning a surface task, takes raw contact
force and moment measurements into account as part of the control feedback.
However, the estimate of these states and thus, the overall force control can be
improved by employing some of the existing state of the art filtering methods [96]
in the control computations.
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