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Abstract
The necessity for robotic manipulators to interact with deformable objects for a
continuously increasing number of tasks, drives the robotics community to study
ways to make this interaction as efficient and as accurate as possible. A promising
approach is to use data-driven machine learning to approximate deformable object
models. Machine learning makes use of neural networks in order to represent a
function which maps an input to an output.
In this thesis, a neural network was designed and trained for the purpose of ap-
proximating a sponge’s dynamical model. The trained model was then used in an
online implementation as a feedforward term, in P and PI control schemes and its
advantages and disadvantages were shown.
Furthermore, an optimal adaptive controller was designed using Reinforcement Learn-
ing, and its advantages compared to the static controllers were shown. Finally, the
adaptability of the RL controller scheme was shown in different trajectories.

Keywords: Force Control, Model and Parameter Identification, Artificial Neural
Networks (ANN), Deep Machine Learning, Reinforcement Learning (RL), Robot
Interaction with Uncertain Environments, Deformable Objects
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1
Introduction

1.1 Background
During the last decade, the importance of robots in our lives has been increasing
and their development became essential for the technology and industry evolution.
The new industrial revolution provides flexible, collaborative and more independent
machines, which could ultimately reduce the workload of highly skilled workforce. In
today’s industry, robots are being used in a lot of applications, such as production
lines in factories, food service, welding, and medical purposes. An even greater
number of applications, require the robot to come in contract with soft, deformable
objects, like robot-assisted surgery, robotic-collection and placement of fruits and
vegetables, elastic parts robotic-assembly. This creates the necessity of extending
the capabilities of robotic manipulators even further, in order to cope with tasks
like these.
Designing autonomous robotic systems able to interact with deformable objects
without human intervention constitutes a challenging research area. Although ma-
nipulation and interaction with rigid objects is a mature field in robotics, with over
three decades of work, the study and identification of soft and deformable objects
has not been as extensive in the robotics community. Another important issue is
that most of the techniques and strategies devised for the manipulation of rigid
objects cannot be directly applied to deformable objects.
Hence, this need, has led to many diverse approaches to handle deformable objects
with robots.

This thesis project aims to cover two main aspects. The first step will be to in-
vestigate the learning capabilities of modern AI tools such as deep neural networks,
for the problem of learning the model of soft, deformable objects. The second aspect
will be to assess the learnt models regarding their applicability for real-time force
control problems.

1.2 Related Work
A vast amount of different papers have dealt with deformable object identification,
as well as force control on robot manipulators. However, not a lot of research has
been done combining both. There are mainly three parts in this report: modeling
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1. Introduction

of the soft/deformable object, control design, to perform force control on the object
with a robotic manipulator using model-based conventional approaches and RL,
and finally, the experiments, to demonstrate and compare the performance of the
developed control schemes.

1.2.1 Soft Object Identification
Modeling of deformable objects and parameter estimation are active areas of re-
search. There are different available methods to model the environment in real-time
control applications. One way to represent non-rigid objects and simulate defor-
mations is to use dynamic models like mass-spring systems, and perform real-time
parameter estimation as Haddadi and Hashtrudi-Zaad [1] propose.

The problem of real-time identification of dynamic models of contact environments
is treated in [1]. Real-time estimates of environment dynamics play an important
role in the design of controllers for stable interaction between robotic manipulators
and unknown environments. Haddadi and Hashtrudi-Zaad [1], use dynamic contact
models, such as the nonlinear Hunt-Crossley (HC), and the linear Kelvin-Voigt (KV)
to perform real-time parameter estimation of the environment.

While these methods are easy to implement, can be simulated efficiently and are
able to handle large deformations, their major drawback as mentioned in [2], is the
tedious modeling as there is no intuitive relation between spring constant and phys-
ical material properties. In [2],it is discussed how Finite Element Methods (FEMs)
reflect physical properties of the objects in a more natural way [3]. This allows for
more intuitive modeling since they require only a small number of parameters. The
disadvantage of FEMs lies in the computational resources required to calculate de-
formations. A computationally more efficient approach, which is also used in [2], is
the co-rotational finite element approach [4], [5] that avoids nonlinear computations.

Moreover, a lot of different approaches exist to determine the physical parameters of
models. Bianchi et al. [6] learn the stiffness constants of mass-spring models by using
a genetic algorithm and comparing it to a FEM reference model. The identification
of mass-spring parameters is also discussed in the work of Lloyd et al. [7], where
they derive an analytical formulation for the spring parameters from the linear finite
element model for different mesh topologies. Another approach that estimates the
stiffness properties of mass-spring models was proposed by Burion et al. [8]. They
use a particle filter to obtain a posterior distribution over the stiffness parameters
and evaluate the particles by comparing simulated and observed deformations [2].

A completely different approach to effectively identify unknown environments, is
to employ artificial neural networks (ANNs).
In complicated real-world systems, deep neural networks (DNNs) have proven very
effective for classification problems related with patterns in complicated systems
such as image processing [14], speech processing [15], language models [16], hand-
writing recognition [17] and sequential data [18], [19]. These networks are termed
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1. Introduction

“deep” because they are constructed by stacking multiple layers of non-linear oper-
ations (such as NNs) atop one another with many hidden layers.
For real time system identification a deep dynamic neural network method was
investigated in [9]. Neural networks are known to be effective function approxima-
tors. Recently, deep neural networks have proven to be very effective in pattern
recognition, classification tasks and human-level control to model highly nonlinear
real-world systems. This paper investigates the effectiveness of deep neural networks
in the modeling of dynamical systems with complex behavior.

1.2.2 Force Control of Position/Velocity Controlled Robots
The robot force control literature reports two broad approaches for the control of
robots executing constrained motion: impedance control and hybrid (force/position)
control [20]. In impedance control, a prescribed static or dynamic relation is sought
to be maintained between the robot end effector force and position [23]– [25]. In
hybrid control, the end effector force is explicitly controlled in selected directions
and the end effector position is controlled in the remaining (complementary) direc-
tions [26], [27].
Jaydeep Roy and Louis L. Whitcomb in [12] addresses the problem of achieving ex-
act dynamic force control with manipulators possessing the low-level position and/or
velocity controllers typically employed in industrial robot arms. Force control al-
gorithms are being deployed for velocity/position controlled robot arms in contact
with surfaces of unknown linear compliance.

Modelling of contact-rich tasks is challenging and cannot be entirely solved using
classical control approaches due to the difficulty of constructing an analytic descrip-
tion of the contact dynamics.
In [21] the problem of force/position control for a robotic manipulator in compliant
contact with a surface under non-parametric uncertainties is considered. A neuro-
adaptive controller was used, that exploits the approximation capabilities of the
linear in the weights neural networks, guaranteeing the uniform ultimate bounded-
ness of force and position error with respect to arbitrarily small sets.
In [22] the authors present a data-driven control approach that employs a recur-
rent neural network to model the dynamics for a Model Predictive Controller for a
manipulation task like food-cutting. This paper is an extension on previous work
by incorporating Force/Torque sensor measurements and formulating the control
problem so that it can be applied to the more common velocity controlled robots.
The controller’s performance is evaluated on objects used for training, as well as on
unknown objects, by means of the cutting rates achieved and demonstrating that
the method can efficiently treat different cases with only one dynamic model.

Finally, in [11] a Reinforcement Learning (RL) approach is discussed as optimal
adaptive control when the dynamics are unknown. Reinforcement learning, is a
sub-field of machine learning, used for optimization and control with a focus on con-
tinuous control applications. Reinforcement learning is the study of how to use past
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1. Introduction

data to enhance the future performance of a dynamical system. The goal of this
paper is to find a sequence of inputs that drives a dynamical system to maximize
some objective beginning with minimal knowledge of how the system responds to
inputs.

1.3 Objectives and Limitations
Although manipulation and grasping of rigid objects has been studied extensively
amongst the robotics community, the study of deformable objects has not been as
extensive. This thesis focuses on identifying the dynamical model of a deformable
object, in order to achieve exact dynamic force control under deformation, with a
robotic manipulator possessing a low level velocity controller. In the initial stage,
the UR 10 robotic manipulator will be used to interact with a sponge, in order to
collect data based on proprioception and haptic perception. Subsequently, a deep
neural network will be trained with this data, using supervised learning, and try
to simulate the deformable object’s dynamical behaviour. In the next stage of this
thesis, this model will be used to design a model-based PI feedback controller with
a feedforward term in order to track a force trajectory, while in contact with the
deformable object. This thesis mainly focuses on tracking a force trajectory in the
(x,y,z) plane, and thus the kinematics of the manipulator and the joint dynamics are
not being investigated. Moreover, since the manipulator is moving inside a sponge,
with infinite degrees of freedom (Guo et al. 2013), forces in one direction may
result in small forces in other directions, diminishing the controllers credibility. For
this reason, in the experiments, the controllers are evaluated while tracking a force
trajectory in one direction at a time. The objectives of the thesis are to:

• Investigate the capabilities of artificial neural networks (ANNs) in identifying
dynamical models of deformable objects.

• Assess the learnt object models regarding their applicability for real-time force
control problems.

• Assess how the same problem can be addressed by learning-based control de-
sign such as Reinforcement Learning (RL), used for optimization and control
with a focus on continuous control applications.

• Evaluate the control schemes based on experiment results.

1.4 Thesis Layout
This thesis report is structured four main Chapters. In Chapter 2 the necessary the-
oretical background of artificial intelligence and neural networks is presented along
with some pre-processing techniques commonly used while training artificial neural
networks. The basic theoretical knowledge of force control is presented in Chapter
3, along with Reinforcement learning as a method to design optimal controllers.
Finally, in Chapter 4 the experimentation procedure is presented in detail, and it’s
results are discussed and assessed. The last Chapter 5, consists of some conclusions
based on the findings during the experimental procedure along with some potential
future work.

4



2
Data-Driven Function

Approximation

In this chapter, the theory of neural networks will be discussed, as well as their
application in model identification of soft/deformable objects. Since, the artificial
neural network will be handling sensor data, which in most cases are noisy, also
some pre-processing and filtering techniques will be discussed.

2.1 Artificial Neural Networks (ANN)
Machine learning is a branch of artificial intelligence that provides systems the ability
to learn and improve from experience. The learning process begins with observations
or data, examples, experience in order to look for patterns in data and make better
decisions in the future based on the examples that provided. The primary aim is to
allow the system to learn automatically without human intervention.
There are three types of machine learning algorithms :

• Supervised Learning (SL) algorithms, apply what has been learned in the past
to new data using labeled examples to predict future events.

• Unsupervised Learning (UL) algorithms are effective when the data used to
train the network are neither classified nor labeled.

• Reinforcement Learning (RL) algorithms is a learning method that interacts
with its environment by taking actions and observing the rewards. This
method allows machines and agents to automatically determine the optimal
behaviour within a specific context in order to maximize its performance. The
reward of an action is used as a feedback in order for the agent to learn which
action is best. This is called the reinforcement signal.

In this thesis, machine learning is being used for two purposes. First, a deep neural
network will be trained, using supervised learning, in order to approximate the
deformation model of a soft object. Since we can collect data of the interaction
with the real object and use them as the ground truth to train the artificial neural
network, this can be classified as a supervised learning problem. Therefore, the rest
of this chapter will be about supervised learning.
However, later in this thesis, reinforcement learning will be used to design an optimal
artificial intelligent agent, that can on-line approximate the object’s as well as the
robot’s model. Reinforcement learning is mostly used to design an optimal on-line
controller, rather than just estimating a model offline and thus will be discussed in
more detail in the next chapter.
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2. Data-Driven Function Approximation

In order to understand how this two methods can be used to train a system, it is
imperative to first understand how artificial neural networks work.
What is a neural network? To understand how neural networks work, let’s start
from a type of artificial neuron called a perceptron. Perceptrons were developed
in 1950s and 1960s by the scientist Frank Rosenblatt, inspired by earlier work by
Warren McCulloch and Walter Pitts [29] [28].

2.1.1 The Perceptron
A perceptron is a linear classifier, more specifically, it is an algorithm that classifies
input by separating two categories with a straight line. Usually the input to the
neuron is a feature vector x, which is then multiplied by a weight vector w and
added some bias b, resulting in :

y = wx+ b (2.1)

A perceptron produces a single output based on a vector of real-valued inputs by
forming a linear combination using its input weights, and most commonly passing
the output through a nonlinear activation function as follows :

y = g(
rk−1∑
i=1

wixi + b) = g(wTx+ b) (2.2)

where w is the weight vector, x is the input vector, b is the neuron’s bias and g is
the nonlinear activation function. Weights show the strength of the particular node,
while a bias value allows for a shift in the activation function curve up or down.
By connecting more than one perceptrons together, we can build a type of artificial
neural network called, multilayer perceptron.

2.1.2 The Multilayer Perceptron (MLP)
A multilayer perceptron (MLP) is a deep artificial neural network, composed of
more than one perceptrons. The input layer is where the network receives the input
vector, whereas the output layer makes a decision, or prediction based on the input.
Between the input and output layer, there is a main computational engine of the
MLP, consisting of the hidden layers.
Multilayer perceptrons are often applied to supervised learning problems.In partic-
ular they are trained on a set of input-output data in order to learn to model the
correlation between the inputs and outputs. Training means adjusting the network’s
parameters, i.e the node weights and the neuron biases, of the model in order to
minimize a cost function. An algorithm called back-propagation is used to make
those weight and bias adjustments relative to the error, and the error itself can be
measured in many different ways, like the root mean squared error (RMSE) or the
Log-Cosh loss function.
Deep feedforward networks, also often called feedforward neural networks, or mul-
tilayer perceptrons (MLPs), are the quintessential deep learning models. The goal
of a feedforward network is to approximate a function. For example, for a classi-
fier, y = f(x) maps an input x to a category y. A feedforward network defines a
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2. Data-Driven Function Approximation

mapping y = f(x, θ) and learns the value of the parameters θ that result in the
best function approximation. These models are called feedforward because informa-
tion flows through the function being evaluated from x, through the intermediate
computations used to define f , and finally to the output y [10].

Forward Propagation

In the forward pass, the signal flow moves from the input layer through the hidden
layers to the output layer, and the decision of the output layer is measured against
the ground truth. For this, a loss function is used to estimate the loss (error) and
to compare and measure how good or bad the networks prediction was in relation
to the correct result. Since we are using supervised learning, we have the label that
expresses the expected value.
In Fig. 2.3, a simple artificial neural network (ANN) is presented, with 3 inputs, and
1 output. This network will be used to establish some notation of the mathematical
principles of forward and back propagation.

Figure 2.1: Multilayer perceptron Layout : An MLP with 3 inputs, 1 output, and
2 hidden layers

In the Network, a[k]
i denotes the activation of neuron number i in layer k

Assuming xi = a
[0]
i and k > 0 for each activation, of each neuron and with the help

of equation (2.2) it holds that :

z
[k]
i = w

[k]T
i a[k−1] + b

[k]
i = w

[k]
i1 a

[k−1]
1 + ...+ w

[k]
in[k]a

[k−1]
n[k] + b

[k]
i (2.3)

a
[k]
i = g[k](z[k]

i ) (2.4)

where g[k](·) is the activation function for layer i, wki is the weight vector and b[k]
i is

the bias for neuron number i in layer k.

Back Propagation

In the backward pass, using back-propagation and the chain rule of calculus, the
partial derivatives of the error with respect to the weights and biases are back-
propagated through the MPL. By differentiating, one can obtain the gradient along
which the parameters can be adjusted as they move the MLP one step closer to
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2. Data-Driven Function Approximation

minimizing the error. This can be done with any gradient-based optimization algo-
rithm such as stochastic gradient descent or Adamax. The network keeps training
until it can no longer lower the error between the expected output and the networks
prediction. This state is known as convergence.
Let’s assume a neural network with an input vector xi and a vector of weights
and biases θ = [wki , b

[k]
i ] that produces an output ŷi. Also, assume a ground truth

output vector yi exists. Training a neural network with any gradient descent method
requires the calculation of the gradient of an error function E(xi,θ) = f(ŷi, yi) with
respect to the weights wki and biases b[k]

i . For simplification, the bias b[k]
i will be

incorporated into the weights as wki0 with a fixed output of a[k−1]
0 = 1, [30]. With

this formulation, equation (2.3) takes the form :

z
[k]
i =

rk−1∑
j=0

w
[k]
ij a

[k−1]
j (2.5)

The error function measures the difference between yi, which is the target value for
input-output pair (xi, yi) and ŷi which is the computed output of the network on
input xi. Back propagation algorithm attempts to minimize the error function with
respect to the neural network’s weights, by calculating for each weight w[k]

ij , the value
of ∂E

∂w
[k]
ij

[30]. By applying the chain rule to the error function partial derivative we
get:

∂E

∂w
[k]
ij

= ∂E

∂z
[k]
i

∂z
[k]
i

∂w
[k]
ij

(2.6)

Moreover the partial derivative of equation (2.5), yields:

∂z
[k]
i

∂w
[k]
ij

= a
[k−1]
j (2.7)

Combining equations 2.6 and 2.7 together we get:
∂E

∂w
[k]
ij

= ∂E

∂z
[k]
i

a
[k−1]
j (2.8)

Starting from the final layer, and considering the network in figure 2.3, the partial
derivative of the error function E(a[k]

j , y) with respect to the weight in the final layer
w

[k]
ij is given by :

∂E

∂w
[k]
ij

=
∂E(a[k]

j , y)
∂a

[k]
j

g′0(z[k]
j )a[k−1]

i (2.9)

where a[k]
j is the output of the node j of the final layer k, and j = 1, g0 is the

activation function of the final layer and E is the loss function that the algorithm
is trying to minimize.
For the partial derivatives of the hidden layers, the chain rule of the multivariate
functions is applied. For 1 ≤ k < m where m is the final layer the error propagated
in each hidden layer can be calculated as follows:

∂E

∂z
[k]
j

=
rk+1∑
n=1

∂E

∂z
[k+1]
n

z[k+1]
n

z
[k]
j

(2.10)
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where n ranges from 1 to r[k+1], the number of nodes in the next layer. Finally, the
partial derivative of the error function E with respect to the weights in the hidden
layers w[k]

ij for 1 ≤ k < m becomes :

∂E

∂w
[k]
ij

= g′(z[k]
j )a[k−1]

i

rk+1∑
n=1

w
[k+1]
jl

∂E

∂z
[k+1]
n

(2.11)

The backpropagation algorithm consists of 4 steps, assuming a suitable learning rate
a and a random initialization of the networks weights wkij :

1. Calculate the forward phase for each input-output pair (xi, yi) and save the
resulting outputs ŷi, zkj and akj for each node j in layer k by going from the
input layer (layer 0), to the output layer (layer m).

2. Calculate the backward phase for every input-output pair and store the re-
sulting error derivatives ∂E

∂wk
ij
for each node connecting neuron i in layer k − 1

to neuron j in layer k by going (backwards), from layer m (output layer), to
layer 0 (the input layer). This happens in three steps:
(a) By using equation (2.9), the partial derivative of the error function of the

final layer is being evaluated.
(b) Backpropagate the gradient of the error for the hidden layers working

backwards from the final layer k = m− 1, using equation (2.11).
(c) Finally, evaluate the partial gradients of the individual errors with respect

to the weights.
3. Combine the individual gradients for each input-output pair to get the total

gradient for the entire setX = (x1, y1), ..., (xn, yn), by averaging the individual
gradients.

4. In the final step, the weights are updated according to the learning rate a and
the total gradient, by moving in the direction of the negative gradient [30].

In the description of the basic training process of an artificial neural network, some
parameters of the network were absent from the mathematical model presented.
These parameters being, the activation functions of each layer (g), the loss function
(E = f(ŷi, yi)), which is a function of the error between the network’s estimation
and the ground truth, and the optimization algorithm that tries to minimize this
loss function. The reason these three parameters were not included in the training
description is that they depend on the application, and more specifically the model
we are trying to estimate. Some functions work better than others, and this is why a
clear description of the functions used in this thesis project will be presented bellow.
First, let’s define the activation function of a neuron, and why they are important
for function estimation applications.

2.1.3 Softsign Activation Function
An activation function is used to map the input of a neuron between the required
values such as (0, 1) or (−1, 1). The activation functions can be divided into two
types:

• Linear Activation Functions
• Non Linear Activation Functions

9
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The most used activation functions used in deep machine learning problems are the
non linear activation functions. But, why do we need Non-Linearities?
If no activation function is applied, then the output signal would be just a simple
linear function. Linear equations are easy to solve, but they have limited complexity
and they lack in power to learn complex functional mappings from data.
Non-linear functions introduce non-linear properties to the network, making it easier
to generalize or adapt with a variety of data and be able to differentiate between the
output. By using nonlinear activation functions, the network can learn and represent
functions of arbitrary complexity which maps inputs to outputs. Artificial neural
networks are considered Universal Function Approximators, which makes them ideal
for the purpose of this thesis project.
Another important attribute of an activation function is that it has to be differen-
tiable. As shown in the previous section, in order to perform the backpropagation
optimization strategy, the gradients of the loss function have to be computed, with
respect to the weights and then accordingly optimize them using any optimization
technique to reduce the error [34].
In this thesis project, the softsign activation function will be used. Softsign acti-
vation function is closely related to the hyperbolic tangent function, with the only
difference that softsign converges polynomially, whereas tanh converges exponen-
tially [32]. The softsign function is a nonlinear equation of the form:

y = x

1 + |x| (2.12)

Figure 2.2: Softsign and tanh functions produce outputs between [−1,+1]

It can be observed that the softsign activation function is smoother than tanh. This
can result in better and faster training, due to the fact that softsign activation
function can prevent the neurons from being saturated, resulting in more effective
training.

10
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As stated before, the function’s partial derivative needs to be computed in order to
be used in the backpropagation process.

dy

dx
= x′(1 + |x|)− x(1 + |x|)′

(1 + |x|)2

where the derivative of |x| can be computed as follows :

|x|′ = x

|x|

Combining these equations, the derivative of the activation function softsign is de-
rived :

dy

dx
= 1

(1 + |x|)2

Figure 2.3: Derivative of the Softsign Activation Function

2.1.4 Log-Cosh Loss Function
All algorithms in machine learning rely on minimizing or maximizing an objec-
tive function. The function to minimize are called loss functions. A loss function
measures how good a prediction model does in being able to predict the expected
outcome. The most commonly used method of minimizing a function is the gradient
descent optimization strategy.
The choice of a loss function, is highly dependant on the dataset the network is
training on, as well as the problem the network is trying to solve. Loss functions
can be categorized into two types [33] :

• Classification Loss
• Regression Loss

Classification loss functions predict a label, whereas regression loss functions predict
a quantity. For the purpose of this thesis project, a network is needed that outputs
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a predicted quantity, in other words, a function approximation, and thus, the focus
will be on regression loss functions.
More specifically, the loss function used in this thesis project was the Log-Cosh Loss
function. The Log-Cosh is a loss function used in regression tasks, and is a smoother
version of the Mean Square Error (MSE) loss function.
Log-Cosh is the base e logarithm of the hyperbolic cosine of the prediction error [33].

E(ŷi, yi) =
n∑
i=1

loge (cosh (ŷi − yi))

Figure 2.4: Plot of Log-Cosh Loss Function, (x2

2 ) and (|x| − ln(2))

As it can be observed in figure 2.4, the (loge(cosh(x))) function is approximately
equal to (x2

2 ) for small x and (|x| − ln(2)) for large x. This means that Log-Cosh
function works mostly like the Mean Squared Error, but will not be strongly affected
by the occasional wildly incorrect prediction. Moreover, it is twice differentiable
everywhere [33], and it’s second derivative is always greater than zero. Due to this,
the Log-Cosh loss function can not have local minimum, since it cannot have any
maximum, which means that any gradient based optimization technique will always
lead to the global minimum.
During the training process, the parameters (weights) of the model are tweaked, in
order to minimize the loss function, and therefore make the model’s predictions as
correct as possible. But how exactly do the parameters of the model change, by how
much, and when? This questions are addressed by the choice of the optimizer.

2.1.5 Adamax Optimizer
An optimizer ties together the loss function and the model parameters by updating
the model in response to the output of the loss function. The loss function acts
like the guide, informing the optimizer when it is moving in the right or wrong
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direction. Stochastic gradient-based optimization is of practical importance in many
fields of engineering and science. A lot of problems in these fields, as well as the
problem being dealt in this thesis, can be described as the optimization of same scalar
parameterized loss function requiring minimization with respect to its parameters.
For this purpose the Adamax optimization algorithm will be used, which is a variant
of Adam, based on the infinity norm [31]. The adaptive moment estimation method
computes individual adaptive learning rates for different parameters from estimates
of first and second moments of the gradients. This method is designed to combine
the advantages of two vastly popular methods: AdaGrad [35], which works well with
sparse gradients, and RMSProp [36], which works well in on-line and non-stationary
settings. Some of Adam’s most important advantages are that the magnitudes of
parameter updates are invariant to re-scaling of the gradient, the step sizes are
approximately bounded by the step size hyper-parameter, it does not require a
stationary loss function, it works with sparse gradients, and it naturally performs a
form of step size soothing [31].
In Adam the update rule for individual weights is to scale their gradients inversely
proportional to a scaled L2 norm of their individual and past gradients. The Adamax
variance of the algorithm, is based on a Lp norm update rule. Let, in case of Lpt
norm, the step size at time t be inversely proportional to u1/p

t , where:

ut = βp2ut−1 + (1− βp2)|gt|p = (1− βp2)
t∑
i=1

β
p(t−i)
2 |gi|p

such that:
ut = lim

p→∞
(ut)1/p

Combining these two equations yields:

ut = lim
p→∞

((1− βp2)
t∑
i=1

β
p(t−i)
2 |gi|p)1/p

= lim
p→∞

(
t∑
i=1

β
p(t−i)
2 |gi|p)1/p

= max(β(t−1)
2 |g1|, β(t−2)

2 |g2|, ..., β2|gt−1|, |gt|)

ut = max(β2ut−1, |gt|)

with initial value u0 = 0 and gt = ∂E

∂w
[k]
ij

, as also shown in equation (2.7) we denote
the gradient [31]. More specifically, the vector of partial derivatives of the loss func-
tion Et, with respect to the weights w[k]

ij evaluated at time-step t, while β2 ∈ [0, 1) is
the hyper-parameter that controls the exponential decay rate of the moving average.

In this section, we reviewed theory on artificial neural networks, as well as how
they work and learn from data, using supervised learning. Moreover, all the param-
eters of the network were discussed and explained: a) the activation functions of the
neurons, b) the loss function, and c) the optimizer. The focus was to present the
parameters used for the specific task of this master thesis, which is to approximate
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a function in order to model the dynamics of a deformable object. The choice of
activation functions, loss function, and optimizer was decided after experimentation
with different functions, in order to find the best fit for the specific task, and the
specific data.

2.2 Pre-processing
It was discussed before that supervised learning allows for a set of collected data to
be used to optimize an artificial neural network’s future performance. Therefore, this
machine learning method is able to solve various types of real-world computation
problems.
However, in order to achieve these tasks there are some challenges that supervised
learning algorithms may struggle with :

• Irrelevant input feature present in the training set can produce inaccurate
results.

• Data preparation and pre-processing can be a challenge, but necessary.
• Accuracy may suffer when incomplete, or unlikely values have been inputted

in the training set.
• Choosing the right features to train the network on, can be a challenge. A "1

to 1" mapping must exist from the input features to the output, otherwise the
machine cannot approximate a function for this problem.

In order to tackle these challenges, in this chapter the pre-processing methods used in
this thesis project will be presented, in other words how the data were manipulated
before sending them into the artificial neural network for training.

2.2.1 Butterworth Low-pass Filter
In most supervised learning problems, the data to train the neural network (training
set) needs to be collected in the real world. More specifically, for this project’s task,
a robotic manipulator was used to interact with the deformable object and collect
the position of the end effector of the robot, as well as the force exerted to it. More
detail will be given in Chapter 4.
However, it is important to note here that in order to do so, the robot’s force sensor
and position sensor were used. Therefore, the measurements are bound to contain
at least some amount of sensor noise, which will make the features not entirely
accurate, making the machine as a whole less accurate. Moreover, it was observed
that the sensor data, has high frequency noise. For this reason, the inputs to the
network will be filtered by a low-pass filter.
A low-pass filter is a filter that can be designed to modify, reshape or reject all
unwanted high frequencies of a signal and allow low frequency component to pass.
In applications that use filters to shape the frequency of a signal such as in control
systems, the width or shape of the roll-off , called the "transition band", for a first
order filter may be too long or wide and so active filters with more than one "order"
are required. The complexity or the filter type is defined by the filter’s order, which
also affects the rate of roll-off and therefore the width of the transition band [37].
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For the purpose of filtering the sensor data for this thesis project, the Butterworth
low-pass filter will be used. The frequency response of the Butterworth filter ap-
proximation function is often referred to as "maximally flat" (no ripples) response
because the pass band is designed to have a frequency response which is as flat as
mathematically possible from 0Hz until the cut-off frequency with no ripples. How-
ever, one main disadvantage of the Butterworth filter is that it achieves this pass
band flatness at the expense of a wide transition band as the filter changes from the
pass band to the stop band. It also has poor phase characteristics as well [37].
The frequency response of Butterworth filters of different orders are shown in figure
2.5.

Figure 2.5: Magnitude- squared characteristic of the normalized Butterworth low-
pass filter

Higher-order filters achieve better filtering characteristics, but the settling time is
increased.Therefore, for on-line real life applications, a good trade-off between the
transient response and the required attenuation is required. The second-order But-
terworth filter offers an appropriate relation between the transient response and the
required attenuation characteristic.
The first stage of the pre-processing process, was to filter the unwanted sensor noise
from the inputs of the neural network. This way, the features are more accurate
and consistent, which can make a huge difference in the network succeeding to
estimate the intended model. The next stage of the pre-processing process will be
the standardization of the features, which is needed to make sure that the features
have the same units, and are of the same scale.
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2.2.2 Standardization
Standardization of a dataset is a common requirement for many machine learning
estimators. The estimator might behave badly if the individual features do not
look like standard normally distributed data (e.g. Gaussian with 0 mean and unit
variance). In practice, the shape of the distribution is often ignored and the trans-
formation just happens such that the data are centered by removing the mean value
of each feature, then scaled by dividing non-constant features by their standard
deviation.
For instance, many elements used in the objective function of a learning algorithm
assume that all features are centered around zero and have variance in the same
order. If a feature has a variance that is orders of magnitude larger than others, it
might dominate the objective function and make the estimator unable to learn from
other features correctly as expected.
Data standardization is about making sure that data is internally consistent, mean-
ing that, each data type has the same content and format. Suppose for example,
that the input features to an artificial neural network have the form presented in
Figure 2.6:

Figure 2.6: Unscaled input features to an artificial neural network

It can be observed in Figure 2.6 that the order of magnitude of the force feature is
immensely larger than the position feature. If these data are used as inputs in an
artificial neural network, the force feature will dominate the objective function and
make the estimator unable to learn from the other features correctly as expected.
This is why standardization of the input features is required, by removing the mean
and scaling to unit variance. The standard score of a sample x is calculated as:

z = x− u
s

where u is the mean of the training samples, and s is the standard deviation of the
training samples. Centering and scaling happen independently on each feature by
computing the relevant statistics on the samples in the dataset.
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Figure 2.7: Scaled input features to an artificial neural network

The resulting scaled features can now be used as inputs to an artificial neural net-
work, which will try and approximate a function based on these features.
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3
Control System Design

In this chapter a background in control theory will be established, with some of the
most commonly used control schemes, like P-Only (P) and Proportional-Integral
(PI) controllers. Moreover, a background on force control, and its usefulness in
robotic applications will be established. Finally, a machine learning method, called
Reinforcement Learning will be analyzed, as well as its application and utilization
in control applications in order to design optimal controllers.

3.1 Proportional Integral Control (PI)
The Proportional-Integral (PI) algorithm, like the P-Only controller, computes and
transmits a controller output signal at every time step T. The computed control
signal from the PI algorithm is influenced by the controller tuning parameters and
the state error e(t), as follows in (Figure 3.1).

Figure 3.1: The PI controller formulation with a feed-forward term : Controller
Output = Kpe(t) +Kd

∫
e(t) + ṗr

u = ṗr +Kpe(t) +Kd

∫
e(t) (3.1)

where ṗr is the feed-forward term, also referred to as controller bias, e(t) = pr(t)−
x(t) is the current error between the reference (pr(t)) the measured state (x(t)), and
Kp and Kd are the controller’s gains (Tuning Parameters).
The first two terms on the right side of equation (3.1) are identical to the P-Only
controller. The integral term of the controller is the last term of the equation that
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integrates or continually sums (in the discrete case) the controller error, e(t), over
time.
While the proportional term considers the current e(t) only at the time of the con-
troller calculation, the integral term considers the history of the error. Integration
of the error over time means that we sum up the complete controller error history
up to the present time, starting from when the controller was first switched on.
The integral action I enables the PI controller to eliminate offset, a major weakness
of a P -only controller. Hence, PI controllers provide a balance of complexity and
capability that makes them by far the most widely used algorithm in process control
applications [44].
For the control part of this thesis project, a P -only controller as well as a PI
controller scheme will be evaluated in a force control task.

3.2 Force Control
Controlling the physical interaction between a robotic manipulator and the environ-
ment is crucial for the successful execution of a plethora of practical tasks where
the robot’s end effector has to manipulate an object or perform some operation on
an unknown object [40]. Today’s industrial robots are almost always programmed
using a position control scheme. Typically, the end effector follows a designated tra-
jectory in space which has been pre-defined or "taught" before run-time. However,
for some applications, it is more important to precisely control the force applied by
the end-effector rather than controlling the robot’s position [38]. More specifically,
during contact with deformable surfaces with infinite degrees of freedom (Guo et al.
2013), there may be constraints on the paths that can be followed by the robot’s end
effector. In order to overcome these constraints, compliance was introduced either
in a passive or in an active fashion, to accommodate the robot motion in response to
interaction forces. Compliance can be classified into active and passive compliance.
Active compliance mechanism is a closed-loop system, which the robot responds to
the environment according to the sensory information. In contrast, passive compli-
ance is an open-loop system, which the robot responds to the environment based
on the body regulatory mechanisms, such as spring-damper mechanism, adjustable
joint, and link stiffness [63].

• Active Compliance. It is entrusted to the control system, denoted interaction
control or Force Control. In most cases, the measurement of the contact
force and moment is required, which is fed back to the controller and used to
modify or even generate online the desired motion of the robot [41]. For this
purpose, vision, force, torque, and other similar type of sensors are usually
used. This family of compliance methods is aimed for better flexibility in the
manufacturing process [42].

• Passive Compliance. It is applied during the setup of the robotic cell and
will always stay active in the background to fulfill its safety role. It may
be inherent to the structure of the robot, like a torque limitation device on
the end effector or a torque limitation on the joints. It can also be a form
of collision detector that prevents collisions from occurring or prevents them
from being harmful. These compliance devices aim at safety ensuring and

20



3. Control System Design

are important when human-robot collaboration are intended [42]. However,
the use of passive compliance in industrial applications lacks flexibility, since
for every task a single purpose compliant end-effector has to be designed and
mounted. Also, it can only deal with small position and orientation deviations
of the programmed trajectory. Finally, since no forces are measured, it can
not guarantee that high contact forces will never occur [43].

One of the most common applications of force sensing in research is to implement
Force Control. Since the 1970s, researchers have developed different ways to inte-
grate the sense of touch into their robots. At first glance, the basic idea behind force
control is simple: the output of a force/torque sensor is used to close the loop in
the controller, adjusting each of the joint torque, or velocities to match the desired
output. In a certain way, this is similar to position control by simply replacing the
reference position/velocity (from the motor encoders) with a reference force (from
the force/torque sensor). Unfortunately, it is not always as easy as that. The prob-
lems arise from the fact that the robot needs to perform a trajectory in certain
directions while a precise control of the force is required in other directions. For ex-
ample, when a robot is grinding a surface, a precise force is needed in the direction
perpendicular to the grinded surface. In all other directions (and orientations), the
robot needs to perform a standard, programmed position trajectory. Therefore, in
real applications, force control is in fact a hybrid force/position control for which
the joint torques are computed using two references. On top of that, the control
scheme needs to be dynamically changed between two operations, for example when
the robot completes grinding the surface of the object [38]. This qualifies force
controllers more suitable for a variety of tasks like:

• Applying controlled force to an object (e.g pushing an object)

• Dealing with geometric uncertainty in assembly

• Avoiding high forces applied to the environment for safety reasons [39].

In general, six force components are required to provide complete contact force infor-
mation. More specifically, three translational force components and three torques.
Often, a force/torque sensor is mounted at the robot wrist and measures any force
applied to the end effector (an example is presented in figure 3.2).

21



3. Control System Design

Figure 3.2: The UR10 Robot with the force/torque sensor and the deformable
object from the experimental setup

The most basic type of motion control is pure position control, whilst the most basic
type of force control is pure force control.

• Pure Position Control :
1. A command to the robot’s joints or end effector position to a particular

position.
2. The manipulator tries to reach that position.
3. If it cannot reach the point (collision with something) it will continue to

apply a stronger and stronger force on the environment until it does.
• Pure Force Control :

1. A command to the robot’s end effector to apply a certain force to the
environment.

2. The manipulator tries to apply that force.
3. If the robot does not apply a force ( i.e moving in free space) it will keep

moving in the same direction until the target force is reached.
In practice, force control is usually integrated into robots by using a combination
of motion and force control. However, for the purpose of this project, the robotic
manipulator was always in contact with the deformable object, and thus a pure
force control technique was used. Moreover, in order to track a force trajectory on
the deformable object, an active compliance or Force Control scheme was designed.
Consequently, the focus will be on force control strategies.
However, active compensation (Force control) can be grouped into two categories:
a) Indirect force control, b) Direct force control. The main difference between the
two categories is that indirect force control achieve force control via motion control,
without explicitly closing a force feedback loop, whereas direct force control offers
the possibility of controlling the contact force and moment to a desired value, by
directly closing a force feedback loop [40].
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An indirect force control technique was used in the early stages of the experimenta-
tion, in order to build a compliance controller to follow a position trajectory while
in contact with the unknown deformable environment, and collect data to train the
artificial neural network and identify the unknown environment. In the next stage,
a direct force control scheme was implemented to track a force trajectory in contact
with the now known environment.

3.2.1 Indirect Force Control (Compliance Control)
The first category, indirect force control methods, include impedance control, where
the deviation of the end effector motion from the desired motion due to the inter-
action with the environment is related to the contact force through a mechanical
impedance with adjustable parameters. A special case of impedance control is the
compliance control, where only the static relationship between the end-effector po-
sition and orientation deviation from the desired motion and the contact force and
moment is considered. Indirect force control schemes do not require, in principle,
measurements of contact forces and moments. The resulting impedance is typically
nonlinear and coupled. However, if a force/torque sensor is available, then force
measurements can be used in the control scheme to achieve a linear and decoupled
behavior [43].
There are some problems arising while the end-effector of a robot manipulator is
interacting with the environment. In order to address those, it is worth analyzing the
effects of a motion control strategy in the presence of a contact force and moment.
Assume, that the robotic manipulator’s end effector position in the (x, y, z) plane
can be denoted as p, and the desired trajectory pr. Furthermore, let ṗr denote the
reference velocity of the manipulator’s end effector in the (x, y, z) plane and let V
be the controller output, and the velocity commanded to the manipulator. Also,
assume that the force exerted to the end effector from the environment and measured
from the force/torque sensor is denoted as F .
Consider the following velocity control law :

V = ṗr +Kp(pr − p) + aF (3.2)
corresponding to a simple P -only controller with a feed-forward term, along with a
compliance term where a is a gain that maps the external forces to the robot end
effector position.
Equation (3.2) shows that in the steady state the end effector, under a proportional
P control action on the position error, behaves as a spring in respect of the external
force F . Thus, the gain Kp plays the role of an active stiffness, meaning that it is
possible to act so as to ensure a suitable elastic behavior of the end effector during
the interaction. The last term of the equation represents a compliance relationship,
where the gain a is called the sensitivity gain and maps the external forces to the
robot end effector position. This approach, consisting of assigning a desired position
and orientation and a suitable static relationship between the deviation of the end
effector position from the desired force exerted from the environment, is known as
stiffness control, or compliance control.
The selection of the stiffness/compliance (Kp, a) parameters is not easy, and strongly
depends on the task to be executed [43].
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3.2.2 Direct Force Control
In the previous section, an indirect control of the contact force has been achieved
by suitably controlling the end effector position. In this way, it is possible to ensure
limited values of the contact force for a given rough estimate of the environment
stiffness. It has also been emphasized that even compliance control, which does not
aim at achieving a desired force, needs contact force measurements to obtain the
linear and decoupled end effector dynamics during the interaction. This is desirable
in order to realize a compliant behavior only along those task directions that are
actually constrained by the presence of the environment. Certain interaction tasks,
however, do require the fulfillment of a precise value of the contact force. This
would be possible, in theory, by tuning the active compliance control action (Kp

a
),

and selecting a proper desired location for the end effector. This strategy would be
effective only on the assumption that an accurate estimate of the contact stiffness
is available. Therefore, contact force measurements are fully exploited hereafter to
design direct force control [45].
Direct force control approach, operates on a force error between the desired and the
measured values. The implementation of a force control scheme can be ensured by
closing an outer force control loop, that generates the reference input to the velocity
controlled robotic manipulator. Let Fd denote the desired contact force and let the
force error for each time step t be:

∆f = Fd − F

where F is the force acted on the end effector from the environment, measured by
the force/torque sensor and Fd the desired contact force. Then, the velocity input
to the robotic manipulator in order to control the exerted force can be chosen as a
Proportional-Integral (PI) control with a feed-forward term, on the force error :

V = Vref +Kp∆f +Kd

∫ t

0
∆fdt (3.3)

where Kp and Kd are positive gains, and the tuning parameters of the PI controller.
It is important to note that Kp(F −Fd) is also known in the bibliography as inverse
damping, and it is strongly related to the implementation of direct force control on
velocity controlled robots. The tuning of the controller’s parameters in crucial, and
highly dependent on the application, and the force trajectory the manipulator has
to track. Assuming that the desired contact force is assigned such that it has non
null components only along the constrained task direction, the PI based control
scheme ensures:

lim
t→∞

F (t) = Fd

thanks to the use of the integral control action on the force error, considering that
Vref is appropriately defined. Moreover, the proportional actions on the force error
aims at improving the transient behaviour during the interaction.

This thesis project’s objective is to evaluate control methods on tracking force tra-
jectories on deformable objects, and thus mostly direct force control will be used.
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However, direct force control is highly dependent on the gain tuning of the con-
troller parameters. This means that in order for the robot to track a different force
trajectory, the controller needs to be tuned once again. To overcome this issue, an
online "learning" algorithm will be introduced that uses past experience to decide
the optimal control action at every time step.

Most optimal control approaches are tuned offline and require complete model knowl-
edge. Even for linear systems, where the linear quadratic regulator (LQR) gives the
closed-form analytical solution to the optimal control problem, the algebraic Riccati
equation (ARE) is solved offline and requires the exact knowledge of the system
dynamics. Adaptive control provides an approach to design controllers which can
adapt online when the system dynamics are unknown, based on minimization of
the output error, like using gradient or least squares methods. However, classical
adaptive control methods do not maximize a long-term performance function, and
hence are not optimal. Adaptive optimal control refers to methods which learn the
optimal solution online for uncertain or unknown systems. Reinforcement Learning
(RL) methods have been successfully used in Markov decision processes (MDPs)
to learn optimal polices in uncertain environments, e.g TD-based Value function
learning is an online model-free RL method for learning optimal policies. Due
to the discrete nature of RL algorithms, many methods have been proposed for
adaptive optimal control of discrete-time systems. Unfortunately, a RL formulation
for continuous-time systems, like the force control of a robotic manipulator is not
as straightforward as in the discrete-time case. Other issues concerning RL-based
controllers are: closed-loop stability, convergence to the optimal control, function
approximation, and tradeoff between exploitation and exploration [61].

A model-free solution will be investigated by using an actor-critic architecture, for
a continuous time system.

3.3 Reinforcement Learning

Reinforcement learning is the study of how to use past data to enhance the future
performance of a dynamical system. How does this differ from ordinary machine
learning? The main use of reinforcement learning in this project is to design an
optimal controller when the system (environment) dynamics are unknown.
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Figure 3.3: Reinforcement Learning Setup : The Agent is the 6 DoF UR10 robotic
Manipulator, and the environment is a deformable object.

The goal of Reinforcement Learning (RL) algorithms is to find a sequence of inputs
that drives a dynamical system to maximize some objective function, beginning with
minimal knowledge of how the system responds to inputs. In any classic optimal
control problem, the dynamical system is usually governed by a difference equation:

xt+1 = ft(xt, ut, et)

where xt is the state of the system, ut is the control action, et is a disturbance,
and ft is the rule that maps the current state, control action, and disturbance at
time t to a new state. Assume that at every time step t, corresponds some reward
ρ(xt, ut) = rt for the current xt and ut. The main purpose of the reinforcement
learning algorithm is to maximize/minimize this reward, depending on the problem
formulation. In terms of mathematical optimization, the objective is to solve the
problem :

max/min
ut

Eet [
N∑
t=0

ρ[xt, ut]] (3.4)

subject to xt+1 = ft(xt, ut, et)

That is, maximize/minimize a reward function over N time steps with respect to
the control sequence ut, subject to the dynamics specified by the state-transition
rule ft. The expected value is over the disturbance et, and assumes that ut is to be
chosen having seen only the states x0 through xt and previous inputs u0 through
ut−1. rt is the reward gained at each time step and is determined by the state and
control action. Note that xt is not really a decision variable in the optimization
problem, instead it is determined entirely by the previous state, control action, and
disturbance. As a trajectory, τt, will be considered a sequence of control actions and
states generated by a dynamical system [11].

τt = (u1, ..., ut−1, x0, ..., xt)
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However, in some applications the state-transition rule f is unknown as for example,
when a robotic manipulator is interacting with a deformable object of unknown
dynamics. In this case, there is no known model that connects the next state of
the system xt+1 with the current state xt and control action ut. Therefore, it is
important first to acquire knowledge about the dynamical system and subsequently
choose the best policy. To achieve this, a policy π and an horizon of length N is
decided. Then this policy is used as a control input into a real physical system
(e.g UR10 Robotic Manipulator), which results in a trajectory τN and a sequence of
rewards R(xt, ut). The intention is to find a policy that maximizes/minimizes the
reward with the fewest total number of samples computed by the agent [11].
In the case where the state-transition function (model) is unknown, there are two
widely used methods.

• Model Based Reinforcement Learning methods fit a model to previously ob-
server data and then uses this model to approximate a solution to the problem
expressed in (3.4).

• Model Free Reinforcement Learning directly seeks a mapping from observa-
tions to actions. Model-free methods, aim to solve optimal control problems
only by taking an action, observing the result of that action and improving
the strategies based on that observation [11].

In the rest of this chapter, the focus will be in model free reinforcement learning
methods, and some different approaches will be introduced.

3.3.1 Model-Free Reinforcement Learning
Model Free Reinforcement learning is a machine learning method, where an agent
(controller) is trying to optimize its behaviour only by interacting with its environ-
ment. For each action from a specific state, the agent receives a reward from the
environment, which is an indication of the quality of that action. The function that
specifies which action to take from a certain state is called the policy. The objective
of the agent (controller) is to find the policy that maximizes the total accumulated
reward, also called the return. While following a certain policy and processing the
rewards, the agent is building estimates of the return. These estimates are condensed
into a value function, which is defined as the expected return. The agent uses the
value function to acquire information about past experiences and use them to decide
on future actions from a certain state [47]. Over the years, several Reinforcement
Learning algorithms have been introduced and can be classified into three groups:

1. Actor-only (Policy Based Methods): These methods optimize directly the pol-
icy without using a value function. This is extremely useful in continuous or
stochastic action space environments. The main problem is that the optimiza-
tion methods used are typically the policy gradient, which suffer from high
variance in the estimate of the gradient, resulting in slow learning.

2. Critic-only (Value Function Based Methods): These methods are trying to
learn the value function that maps a specific value to each action from each
state. This way, the best action from each state can be found, given a finite
set of actions. This can be problematic and computationally expensive if the
action space is continuous. Due to this, critic-only methods discretize the
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continuous action space making it impossible to find the true optimum.
3. Actor-critic methods: These methods combine the advantages of actor-only

and critic-only methods. The critic measures how good the action the agent
took was (value based), while the actor controls how the agent behaves (pol-
icy based). The actor brings the advantage of calculating continuous actions
without the need of optimizing a value function, while the critic supplies the
actor with a low variance knowledge of the performance [47], [48].

Reinforcement learning methods can be modelled using a Markov Decision Process
(MDP) [49], represented as a tuple 〈X,U, f, ρ〉. Here X is the state space, U is the
action space, f : X × U → X is the state transition function and ρ : X × U → R is
the reward function which gives the instantaneous reward rt. The state transition
function in Model Free methods is unknown while the reward function is a design
parameter.

Assuming a discrete time environment, at each time instant t, the agent applies
an action ut that depends on the current state of the system xt. The action taken
results in a new system state, xt+1, and the agent receives a reward, rt+1, of how
good the action taken from the current state was. This is repeated for all time steps
N in a trial, which can possibly be infinite. The purpose is to find the optimal policy
π that optimizes the cumulative discounted sum of rewards:

Rπ = rt+1 + γrt+2 + γ2rt+3 + ... (3.5)

where 0 < γ < 1 is the discount factor [50].
Given that the agent follows a specific policy π the value function V π(xt), is a
measure of how good it is to be in a certain state xt, and then continue following
policy π from that state. It is equal to the expected discounted sum of rewards for
an agent starting at state x. The value function depends on the policy by which the
agent picks actions to perform, resulting in:

V π(xt) = E[
N∑
i=1

γi−1ri] = E[Rπ | x = xt] (3.6)

The value function can be decomposed, using the Bellman expectation equation,
into immediate reward plus the discounted value of successor state:

V π(xt) = E[ρ(xt, ut) + γV π(xt+1) | x = xt] (3.7)
Among all possible value functions, there exists an optimal value function that has
higher value than other functions for all states. By using equation (3.7) the optimal
value function is derived:

V ∗(xt) = max
π

(E[ρ(xt, ut) + γV π(xt+1) | x = xt]) (3.8)

The optimal policy π∗ is the policy that corresponds to the optimal value function.

π∗ = arg max
π
V π(xt) (3.9)

In addition to the value function, RL algorithms introduce another function called
the state-action pair Q Function. The optimal Q function means that the expected
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total reward received by an agent starting at state x and picking action u, will be
optimal. Therefore Q(xt, ut) is an indication of how good it is for an agent to pick
action u while being is state x and then follow policy π [50].

Qπ(xt, ut) = E[Rπ | x = xt, u = ut] (3.10)

Similar to the value function, the Q function can also be decomposed, using the
Bellman expectation equation into immediate reward plus the discounted value of
the successor state:

Qπ(xt, ut) = E[ρ(xt, ut) + γQπ(xt+1, ut+1) | x = xt, u = ut] (3.11)

Since the optimal value function is the maximum total expected reward when start-
ing from state x, the optimal Q function, will be the maximum Q function over all
policies π.

Q∗(xt, ut) = max
π

(E[ρ(xt, ut) + γQπ(xt+1, ut+1) | x = xt, u = ut]) (3.12)

Therefore the relationship of the value function and the Q function is derived as:

V ∗(xt) = max
u
Q∗(xt, ut) (3.13)

This results in:

Q∗(xt, ut) = ρ(xt, ut) + γEt+1[V ∗(xt+1) | x = xt]) (3.14)

Finally, combining equations (3.13) and (3.14), the optimal value function is com-
puted as [50]:

V ∗(xt) = max
ut

[ρ(xt, ut) + γEt+1[V ∗(xt+1) | x = xt])] (3.15)

When attempting to solve a Reinforcement Learning problem, there are two main
approaches to choose from: calculating the Value Function V or the Q Function Q
of each state and choosing actions according to those, or directly compute a policy
which defines the probabilities each action should be taken depending on the current
state, and act according to it. Actor-Critic algorithms combine these two methods
in order to create a more robust method [51].

3.3.2 Actor Critic

The Actor-Critic method, uses artificial neural networks to learn a policy π and a
value function V separately and simultaneously. The policy is called the Actor and
the value function is called the Critic. The role of the critic is to evaluate the current
policy determined by the actor [47].
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Figure 3.4: The Actor Critic architecture

The structure of an actor-critic algorithm can be seen in Figure 3.4. The learning
agent has been split into two entities, the actor (policy) and the critic (value func-
tion). The actor’s responsibility is to generate a control input u, given the current
state x. The critic’s responsibility is to evaluate the quality of the current policy by
updating the value function’s estimate. The actor is then updated using information
from the critic. However, in problems where the state and/or the action space are
continues it is necessary to approximate the policy and the value function in order
to avoid enormous tables of possible states and actions.

Radial Basis Functions (RBF)

For the purpose of this thesis project, a linear function approximation method was
used. Let us assume some feature extraction function φ : S → Φ, that maps
the states from S into features in the feature space Φ. Often, the dimentionality
of the feature space is immensely smaller than the full state space, and this is the
reason for using function approximations in continuous space problems where actions
and/or states can be infinite. A linear function approximation is a simple parametric
function that depends on the feature vector φ [58]. A generic function approximator
can be defined as:

F (x, θ) = θ>φ(x) (3.16)

where θ is the parameter vector. As a feature extraction function φ a radial basis
function (RBF) network was chosen.
The RBF network architecture that was used for this problem can be seen in figure
3.5.
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Figure 3.5: The RBF Network Architecture

A Radial Basis Function (RBF) network can be seen as a shallow feed forward
neural network, with one hidden layer and one output layer. Each node in the
hidden layer uses an RBF as a nonilear activation function, denoted φ̃. The hidden
layer performs a nonlinear transformation of the input, whereas the output layer is
a linear combination mapping the nonlinearity into a new space. Each RBF neuron
compares the input to a "center", and outputs a value between 0 and 1, which is a
measure of similarity. The closer the input is to the "center", the closer the RBF
neuron’s output is to 1. The shape of the hidden layer’s activation function, was
chosen to be a Gaussian, and the "center" is the mean of the distribution [60].

Figure 3.6: The Gaussian Distribution

Each neuron’s activation function is defined as follows:

φ̃ = e−
1
2 (x−c)>B−1(x−c) (3.17)

where x is the state vector, c is the "center" of the RBF and B is the covariance
matrix of the RBF. The distribution of the centers, also called kernels, are lin-
early placed throughout the state space in a range of states which the application
is expected to visit. It is possible to have a wide range, with a lot of parameters,
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although this comes at a high computational cost. The number of kernels and their
width in the state space is a design parameter. As with most regression problems,
using too many kernels may cause overfitting and will have high computational cost,
while having too few kernels will cause underfitting, resulting in poor performance.
Moreover, since the application of the algorithm is online, it is necessary to lower
the computational cost as much as possible, while keeping the performance as high
as possible.

Despite the non linearity of the RBF network, Equation (3.16) is linear in the
parameters, and therefore its gradient w.r.t parameters θ can be obtained as follows:

∂F (x, θ)
∂θ

= φ(x) (3.18)

For the purposes of this thesis project, two RBF networks were used to transform
the state and action continue spaces into a feature space that can then be fed into
the linear function approximation equation (3.16) to get linear separability. The
policy and value functions are then approximated by the actor and critic:

π̂(x, ψ) = ψ>φa(x) (3.19)
V̂ (x, ϑ) = ϑ>φc(x) (3.20)

where ψ and ϑ are the parameter vectors of the actor and critic respectively, and φa
and φc the corresponding RBF functions.

Temporal Difference Method (TD)

The Actor-Critic model is a combination of Monte Carlo ideas and dynamic pro-
gramming (DP) ideas. Like Monte Carlo methods, Actor-Critic can learn directly
from experience without a model of the environment’s dynamics. However, instead
of waiting until the end of an episode to update the agent’s parameters, like in the
Monte Carlo learning method, the Actor Critic updates the parameter vectors at
each time step like in DP methods. This is also known as Temporal Difference learn-
ing (TD). Because the update is done at each time step, the TD learning method
cannot use the accumulated discounted sum of rewards Rπ in the policy gradient,
since the future is not known. Instead, it needs to train a Critic model that approx-
imates the Q Function [48].
An even better approach, that reduces the high variability of the Q function esti-
mation is the usage of the Advantage Function. The Advantage Function is defined
as:

A(xt, ut) = Q(xt, ut)− V (xt) (3.21)
where, Q expresses the value of action ut in state xt, whereas V is the average value
of that state. The Advantage Function, represents the improvement of the action
taken at that state compared to the average. In other words, this determines the
extra reward collected if a specific action is taken. The extra reward is that beyond
the expected value of that state [48].

• If A(xt, ut) > 0 : the gradient is pushed in that direction, because it means
the action taken, gave better reward than the average.
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• On the other hand, if A(xt, ut) < 0 : then the gradient moves in the opposite
direction.

The complication of using the advantage function is that it requires both the Q as
well as the value function [48]. However, by using equation (3.14), the advantage
function can be rewritten as :

δ(xt, ut) = ρ(xt, ut) + γV (xt+1)︸ ︷︷ ︸
Q(xt,ut)

−V (xt) (3.22)

where the value ρ(xt, ut)+γV (xt+1) is also known as the TD target. Therefore, only
the value function needs to be estimated. This function is known as the TD - error
and is the cornerstone for the critic’s update.
Different methods exist for evaluating the policy. The TD(0) method is very useful
for online learning [52], although as it only has one-step backup, information in
the past is not taken into account when updating the critic. The Monte Carlo
methods on the other hand, does an update step after completing a full episode.
These methods will therefore only know what reward a series of actions gave, and
not knowing which actions had a positive or negative impact. Using the TD(λ)
method which adds an eligibility trace ζ, it is possible to assign credit to states
visited previously [47] which solves the issue of the return Rπ depending on future
values [53]. In a comparative study by Sutton et al. [53] it is shown that this inclusion
often yields better performance in applications with continuous action-spaces. The
eligibility trace that is used is called an accumulative eligibility trace and is updated
through

ζt+1 = λγζt + ∂V̂ (x, ϑ)
∂ϑ

∣∣∣∣∣
x=xt,ϑ=ϑt

(3.23)

where γ is the discount factor and λ is the trace decay rate. The trace decay rate
is introduced to make information a long time in the past affect the update less.
Using λ = 0 would imply TD(0) method, where updates of the policy are made
according to the gradient of the estimated value function. On the other hand λ = 1
implies TD(1) method, which is similar to using the Monte Carlo method, where
updates are made based on the gradient of the return [54]. When updating the
eligibility trace, states that are visited frequently or have been visited recently will
have larger values, while states that have never been visited or visited many time
steps earlier will have lower values. Which λ is more appropriate depends on the
application and how the reward function is formulated (in other words it is another
tuning parameter).
The TD-error (3.22) used when updating the critic will then be scaled by the eligi-
bility trace as:

ϑt+1 = ϑt + αcδtζt+1 (3.24)

where αc is the learning rate of the critic and ϑt is the critics parameter vector in
the current time step. Note that this equation updates the entire critic parameter
vector at every time step, based on how good the action taken from the agent was.
The critic uses the information of the TD-error to approximate and update the value
function in every time step. The value function is then used to update the actor’s
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policy in the direction that improves the performance:

ψt+1 = ψt + αaδt∆ut
∂π̂(x, ψ)
∂ψ

∣∣∣∣∣
x=xt,ψ=ψt

(3.25)

where ψt is the actors parameter vector in the current time step and αa is the
learning rate of the actor. An action that results in a positive TD error is better
than expected, and hence the actor is updated to have a higher probability of taking
that action the next time the agent arrives at this state. A negative TD error will
result in an actor update that does not favour taking this action from the specific
state in the future [56]. The actor is updated in the policy gradient direction, scaled
by αa. By using a small step size, αa, the changes in the value function will only
result in a small change in the policy, which leads to just a slight or no oscillatory
behavior in the policy [55].

Exploration VS Exploitation

Reinforcement learning tasks, as discussed before, have no pre-generated training
sets to learn from. Therefore, they create their own experience on-line, by acting,
and evaluating that action. In order to do so, the agent needs to try many different
actions in many different states in order to try and learn all available possibilities
and find the path which will maximize its overall reward. This is known in the
literature as exploration, as the agent explores the environment. However, if all
the agent does is explore, it will never maximize the overall reward. Therefore, the
agent must use the information it learned and exploit that knowledge to maximize
the rewards it receives. The trade-off between exploration and exploitation is one
of the greatest challenges of reinforcement learning problems. The two needs to
be balanced, such that the agent both explores the environment enough, but also
exploits what it learned and repeats the most rewarding path it found [51].
For this reason, every reinforcement learning algorithm needs an exploration term,
∆ut, in order to ensure that the algorithm does not get trapped in a local optimum.
In continuous action spaces, the exploration term is often a random action combined
with the policy action, which is forcing the algorithm to explore the entire state space
before calculating the optimal policy. In [57], it is stated that exploration could be
achieved by adding a zero mean white-noise with variance, σ2

e , equal to one. A
scaling factor β is then added to the exploration such that the sample drawn will fit
in the range of suitable actions. The scaling factor β, is a tuning parameter that is
highly dependant on the problem formulation and the policy values.

∆ut ∼ βN (0, σ2
e) (3.26)

The complete actor-critic algorithm used for the purposes of this thesis project is
presented in Algorithm 1:
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Algorithm 1 Actor-Critic Algorithm
Initialize λ, γ, αa, αc
Initialize ϑ0, ψ0

for each trial do
Initialize x0
Generate an initial action u0
Initialize eligibility trace ζ0 = 0
t ← 0
repeat

Generate exploration ∆ut
Calculate current action ut = π̂(xt, ψt) + ∆ut
Apply ut, measure xt+1
Receive reward rt+1 = ρ(xt, ut)
δt = rt+1 + γV̂ (xt+1, ϑt)− V̂ (xt, ϑt)
ζt+1 = λγζt + ∂V̂ (x,ϑ)

∂ϑ

∣∣∣∣
x=xt,ϑ=ϑt

ϑt+1 = ϑt + αcδtζt+1

ψt+1 = ψt + αaδt∆ut ∂π̂(x,ψ)
∂ψ

∣∣∣
x=xt,ψ=ψt

t ← t+ 1
until t = maximum number of samples Ts

end for
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4
Experiments And Results

In this chapter an overview of the complete problem formulation and experiments
will be presented. The two main components of this project will be presented in
detail:

1. How an artificial neural network was used to estimate the dynamics of a de-
formable object

2. The control methods used in order to track a force trajectory on the deformable
object

4.1 Problem Formulation
The final objective of this thesis project is for a robotic manipulator to perform
force tracking tasks on a soft-deformable object. Since the environment (object) is
unknown, the main idea is to estimate the object’s deformation model in order to
use it in the control scheme.
For this phase, instead of using the existing mathematical models to estimate the
dynamics, a data driven method was adopted and assessed in its capability of es-
timating any function. As a soft deformable object, a sponge was used, due to its
elastic capabilities. The intention for the purpose of the experiments was to use
a soft deformable object that can return to its original form if no force is applied,
speeding up the procedure significantly, since we do not have to change the object
after every single experiment. However, the sponge like many elastic materials fol-
low one curve (path) on stretching when the stress is increased and follows another
path while regaining its original configuration, in the form of returning to its initial
position at a slower rate, the longer the robot is "poking" it.
When a deforming force is applied on a body, then the strain does not always change
simultaneously with stress, rather it lags behind the stress. The lagging of strain
behind the stress is defined as elastic hysteresis. This is the reason why the values
of strain for some stress are different while increasing the load and while decreasing
the load.
The effects of these characteristics will be clear in the results.
In the next phase of the project, four different controllers were designed and evalu-
ated, in tracking 2 different force trajectories on the deformable object. During this
phase, the advantage of using the model is also assessed, in both trajectories.
It is essential here to note, that both trajectories were designed on the z − Axis,
which means that the control problem is 1-Dimensional. The reason behind this is
that deformable objects, as stated before, consist of infinite degrees of freedom (Guo
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et al. 2013). Therefore, moving in x or y direction, would implicate things and that
would result in less reliable results from the controllers. Nonetheless, the controllers
designed would also work on a 3D movement of the manipulator into the object, but
it would require more tuning and possibly even then due to the highly non linear
dynamics the response would not be as good. While presenting the method and
results no subscript z will be used, since it is implied that every variable refers to
the z − Axis.
Finally, a new controller was designed to achieve adaptive optimal control. The
Actor Critic controller does not require the learned model, but learns it on-line by
itself and can adapt to small environment changes. But first, lets get familiar with
the robotic manipulator used for the experimental process.

4.2 The UR10 Robotic Arm

Figure 4.1: The UR10 Robot. Joints from the bottom to the top: base, shoulder,
elbow, wrist 1, wrist 2 and wrist 3.

The UR10 is a 6 degree of freedom (DoF) robotic manipulator, designed by uni-
versal robots, for tasks where precision and reliability are important. The UR10
is a velocity/position controlled robotic manipulator, which means that irregard-
less of the type of control we want to implement, the robot’s inputs must always
be velocity/position, either in the joint space, or in the operational (task) space.
The manipulator is shown in figure 4.1. For the purpose of exchanging data with
the robotic manipulator, the Robot Operating System (ROS) framework was used.
ROS is a collection of tools, libraries, and conventions that aim to simplify the
task of creating complex and robust robot behavior across a wide variety of robotic
platforms.
On the end effector of the robotic manipulator an Optoforce 6 − Axis F/T sensor
is equipped in order to measure the forces exerted on the end effector from the
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environment. However, due to the formulation of the problem, only the force on the
z Axis will be used. Moreover, a 3D printed poking device was used for two main
reasons. a) would be best to avoid direct contact of the sensor with the environment,
for safety reasons, and b) the surface of the sensor itself is 70mm wide, which makes
the forces applied to the sponge higher than intended, and the arm’s motors may
reach their limit and cease working for safety reasons. This tool that was 3D printed
with the help of the Chalmers staff, can also be seen in figure 4.1 mounted onto to
F/T sensor.

For the purpose of this thesis project, all the controller outputs (robot’s inputs),
will be in the operational (task) space, in the Cartesian space. Because of this the
dynamical model of the robotic manipulator will be treated as a black box, with one
input: the velocities of the end effector in the Cartesian space, and the output, or
the measurements, will be the force exerted to the end effector from the environment
as it is measured from the force/torque sensor, and the position of the end effector
in the Cartesian space.

Position and Force Trajectories

In both the object identification, as well as the force control section the same two
trajectories will be used. In the object identification phase, it is a position trajectory,
whereas in the force tracking task it is a force trajectory. For this reason only some
magnitude values will be different since the units are different (mm and N).

• Sinusoidal Trajectory : The first trajectory that was designed for this experi-
ment for the data collection phase was a sinusoidal trajectory with a magnitude
of 5 mm, since the width of the sponge was 70 mm. The magnitude was se-
lected adequately small in order not to lose contact with the material. Note
that in order for the data to be accurate the manipulator should not, at any
point lose contact from the material, because in that case the data will not rep-
resent the object’s dynamics. For the force tracking task, the magnitude was
selected, after consideration of the forces acted on the sponge to be 5N . The
frequency of the sinusoidal for both tasks had to be defined while accounting
for the ROS node’s update rate. The ROS node frequency was set to 125 Hz,
which is the default update frequency, which means the trajectory is updated
every 0.008s. Taking this into consideration and after experimentation with
different frequencies, the sinusoidal’s frequency rate was decided as 0.099 Hz,
which means 10.048 s and this translates into 1256 samples. However, in the
data collection phase, a lot of different frequencies were used to collect more
extensive data of the environment’s behaviour. The reference position pr as
well as the reference velocity ṗr for the sinusoidal trajectory are presented in
Figure 4.2.
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a) Position Trajectory. b) Velocity Trajectory.

Figure 4.2: Sinusoidal Trajectories

• Step Trajectory : The second trajectory was a step function with a magnitude
of 7 mm in the data collection phase and 5 N in the force tracking phase,
and a frequency of 0.0625 Hz, which means 2000 samples, or 16 s. The
reference position pr as well as the reference velocity ṗr for the step trajectory
are presented below.

a) Position Trajectory. b) Velocity Trajectory.

Figure 4.3: Step Trajectories

It can be observed, that the position was designed in such a way, that the reference
trajectory always starts from the robot’s current position at the beginning of each
trial. This was done in order to avoid big "movement spikes" at the beginning of
each trial. In the left figure in 4.2 and 4.3, it was assumed that the manipulator’s
initial position was 0.1 m or 100 mm respectively, and then starts oscillating from
there, always staying in contact with the sponge.

4.3 Object Identification
The first phase of the experimental procedure was to identify the model of the
sponge (environment). For this task an artificial neural network was designed and
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trained using supervised learning. Since the robotic manipulator used in this thesis
project is a velocity controlled robot, the model identification task is to identify a
dynamical model that, for some inputs, calculates the robot’s velocity, or a way to
calculate that velocity. This velocity can be used afterwords in the control schemes
as a reference velocity to achieve the desired force. As in every supervised learning
problem, in order to train the network, a ground truth value is needed. In other
words data had to be collected from the interaction of the real robotic arm with the
sponge, and use those data to train the neural network.

Inputs-Outputs

However, the input-output set of the network had to be defined carefully in order
for the network to be able to approximate the object’s model. Many different input-
output sets were tested, one of them being (Inputs : Current Force, Current Position,
Outputs : Current Velocity). The main problem with this input-output set is the
fact that a 1 on 1 mapping between the inputs and the output does not exist. This
means, that for a specific set of inputs, more than one output can be defined (e.g in
a current position with a current force, the manipulator can be moving upwords, or
downwards, positive or negative velocity).
It is important here to note, that in order to calculate the ground truth velocity
(network’s output), the derivative of the measured position has to be used, since the
way the forward kinematics calculate the velocity contains a significant amount of
noise and has many more errors due to the online calculation and use of the Jaco-
bian. That being said, another set of input-outputs that was tested was: (Inputs:
Current Position, Current Force, Outputs: Next Position). The network was able
to adequately identify a model for this set of input outputs. However, even the
smallest error in the estimated position will result in a huge error in the calculated
velocity when we use the derivative.
For all these reasons the inputs and output of the network was defined as such :

• Inputs: Current Force, Previous Position, Current Position
• Output: Current Velocity

For this set of inputs-outputs the current velocity had to be computed by differen-
tiating the measured position. This is feasible off-line because the data contain the
next position, and such the use of the second equation of motion can be used to
calculate the current velocity :

v = ∆p
∆t = pt+1 − pt

∆t (4.1)

where ∆t = 0.008 since as stated before the ROS node’s frequency is 125 Hz. The
identified model, can then be used in an online implementation, and calculate the
current velocity, based on current and previous data only.

4.3.1 Data Collection
Controller

Data collection is an important part in every supervised learning problem. It is
important that the data represent all the "states" of the model that the network is
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trying to identify, or as many as possible. For this purpose a controller had to be
designed, with the objective to move the robotic arm on the sponge, covering as
much states of the model as possible. The controller’s purpose is not to accurately
track a position trajectory. The objective is to adequately track a trajectory, without
damaging the equipment and without losing contact with the sponge, and thus a
Compliant Control scheme was used.

Vz = ṗr − aF +Kp(pr − p) (4.2)

The purpose of this controller was solely to track a position trajectory on the z−Axis
while the robotic arm is in contact with the sponge, and the compliant term was
making sure no huge forces would be applied to the sponge. With this scheme, data
where collected as the robotic arm was tracking the two different trajectories on the
sponge, in order to try and include as much information about the object as possible.
Moreover, as stated before, in the sinusoidal trajectory different frequencies were also
used with the intention of getting as much information about the environment’s
behaviour as possible.
It is important here to note, that the controller was not tuned because its response
is not important for this phase. The objective here is only to get data when the
manipulator is moving while in contact with the material, and the controller is just
there to prevent high forces, and keep the manipulator in contact with the sponge
at all times.

Sensors

As the robotic arm is moving, at each time step the end effector position is calcu-
lated, using the manipulator’s translation matrices. The position of the end effector
is calculated in relation to the base frame, and is saved in a .csv file. In order
to generalize the collected data, at the start of each trial the initial position was
measured, and then every other position was subtracted from the initial. This way,
irregardless of the position the manipulator is starting from, the measured data was
being treated as if the end effector started from zero.
In order to receive the force data from the F/T sensor, the Oproforce Etherdaq
driver for ROS was used. This driver allows the wrench node of ROS to receive
the data from the Optoforce sensor and then transmit it, in order to save the force
measurements in a .csv file. It is important to note, that the force sensor’s sensitivity
is 0.1 N , and this will play a big part in the controllers performance, since this is the
reason we can not achieve higher accuracy than that. Furthermore, the driver itself
allows for a normalization of the force data, by saving the current (usually initial)
force, and subtracting every other measurement from the initial. In this way every
time a trial was initialized with the end effector already inside the sponge, the force
was being set to zero.

Filtering

The calculations for the end effector position are being performed online, at every
time step, while receiving the angles of each joint of the manipulator and using
the forward kinematics of the UR10 robotic arm to compute the end effector task
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space position. Therefore, sometimes huge sensor errors were observed in the form of
"spikes", which can affect the validity of the received position data. The force sensor,
on the other hand, doesn’t perform any calculations so the measurements are more
stable. However, in both position and force measurements, due to the sensitivity of
the sensors, high frequency noise was also present. In order to avoid those faulty
measurements (high frequency noise), a second order butterworth low-pass filter
was used with cut-off frequency equal to 0.5 Hz, that was decided after careful
observation of the frequency response of the data. As is was explained in chapter
2.2, filtering of the measurements is imperative, in order to ensure the success of the
learning process of the neural network.

A plot of the difference between the filtered and unfiltered input data collected is
presented bellow :

Figure 4.4: Position and Force data Before and After Filtering.

However, the most important impact of the position filtering is the fact that the
ground truth output of the network, i.e the velocity is also calculated from the
filtered position signal. This reduces the noise significantly as can be seen in figure
4.5, making a huge impact in the networks identification capabilities.
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Figure 4.5: Unfiltered and Filtered Velocity.

4.3.2 Training Process
The dataset have been normalized and filtered, but it is not ready yet for the neural
network. The data set has to be split into three sets, the training set, the validation
set and the test set. Consequently, the standardization process will be used, to
improve the network’s performance and stability. These two steps are extremely
important before starting the actual training of the neural network, and can greatly
improve the approximated model.

Train-Validation-Test Split

• Training Dataset: The sample of the data that is used to fit the model. This
is the actual dataset that is used to train the model (tune the weights and
biases). The model learns from this data.

• Validation Dataset: The sample of the data used to provide an unbiased eval-
uation of a model fit on the Training dataset while tuning the model hyper-
parameters. The Validation set is used to evaluate a given model, but this is
for frequent evaluation. Hence the model occasionally sees this data, but it
does never “Learn” from it. So the validation set in a way affects a model, but
indirectly.

• Test Dataset: The sample of the data used to provide an unbiased evaluation
of a final model fit on the training dataset. The Test dataset provides the gold
standard used to evaluate the model. It is only used once a model is completely
trained (using the train and validation sets). The test set is generally what is
used to evaluate competing models. It contains carefully sampled data that
spans the various classes that the model would face, when used in the real
implementation [62].

The first step after the normalization and filtering of the dataset is to split it into
the "Training" and Test sets. For this step, 20 % of the entire dataset, at random,
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is chosen to be the Test set. The rest is used in the training process, and is being
split afterwords into the Training and Validation sets. For this split again 20% of
the set is chosen to be the validation set. The test split and the validation split is
being decided by the engineer, and depends on the model the network is trying to
learn as well as on the size of the dataset.

Standardization

By observing figure 4.4, one can deduct that the force measurements are approx-
imately two orders of magnitude larger than the position data. As discussed in
section 2.2, standardization of the input data is extremely important for the net-
work’s performance. Therefore, the StandardScaler function of the sklearn python
library was used in order to standardize the input features by removing the mean
and scaling to unit variance.
One important detail is, that when training the network, the data set is being split
into training data, and test data (unseen data). The standardization function is
applied to the training set only, and this is because it is the only knowledge the
network has. Subsequently, the scaler’s parameters are being saved such that they
can be used in any other set of inputs the network gets (Test set), as well as in the
online implementation. This means that when the network is used online, at every
time step, the features will be scaled before getting into the network. The effect of
the standardization on the data set used for this project can be seen in figures 4.6
and 4.7. Note that, in the figures the whole data set is presented standardized, since
the Train-Validation-Test split is performed at random, and thus the data would
be mixed. In the implementation, the training set defines the standardization, and
then based on this predefined scaler, the validation and test sets are being scaled.
So the whole data set is presented for visual purposes.

Figure 4.6: Unscaled input dataset features
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Figure 4.7: Scaled input dataset features

Neural Network Architecture

Now that all the pre-processing steps have been performed, the dataset is used to
train the artificial neural network. In order to build the neural network in python,
the keras library of python was used, with Tensorflow as back-end. The architec-
ture of the neural network for this specific application is presented below.
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Figure 4.8: Neural Network Architecture

As discussed before, the network architecture is highly dependent on the nature of
the problem, and the function the network is trying to approximate. This archi-
tecture was decided after experimentation with different architectures (number of
layers, number of neurons per layer, activation functions, loss function, etc). The
nature of the problem, requires the network to be used online, and thus the compu-
tational cost was an important factor in the architecture decision process. Finally,
a simple MLP with 2 hidden layers and 32 neurons per layer with a SoftSign acti-
vation function was enough to estimate the dynamical model of the sponge. Since
the network is trying to approximate a function the output layer did not use any
activation function. As a Loss Function, the Log − Cosh function was used, since
it was observed that it yielded the best results, and the Adamax optimizer was
updating the model in response to the output of the loss function. The parame-
ters of the Adamax optimizer were tuned in order to get the best possible results
(Learning Rate = 0.001, β1 = 0.9, β2 = 0.999, Lr Decay = 0.0001).
The artificial neural network was trained for 300 epochs with a batch size of 128.
The batch size, defines how many samples will be propagated through the network
before updating the weights and biases. With this choice, in every epoch the entire
training set will be split into (60000 · 60%)/128 = 281 mini batches and update
the weights and biases 281 times in every epoch. The training and validation loss
functions during the course of the entire training process are presented below.
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Figure 4.9: Training and Validation Loss Functions

From figure 4.9, it can be observed that after the first 100 epochs the improvement
in both loss functions seems insignificant. This means that training the network
for 100 epochs would be enough to minimize the loss function. However, since the
training is being performed off-line and the computational cost or time is not an
issue, it was decided to let the network train for 300 epochs, so that the learning
rate decay can take effect and improve the estimation as much as possible.
This can be observed in figure 4.10, where the absolute error between the predictions
and the ground truth is presented. As can be seen, the validation set is constantly
improving and reducing it’s oscillations, while the training set, is similarly improving
constantly, even after 100 epochs.

Figure 4.10: Mean Absolute Error between the Prediction and the Ground Truth

In figure 4.11, the prediction of the trained network is displayed, in the training
set, the test set, and the entire dataset. Note, that because the test split, and
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the validation split was performed at random, the first two plots, were sorted by
magnitude for visual purposes. The last plot, is the entire sequence, as if it was
performed online through time.

Figure 4.11: 1: Training Set, 2: Test Set (Unseen Data), 3: Entire Dataset

The trained network as can be observed from the plots has an accuracy of 1.04e−04.
The physical meaning of this, because the network is predicting velocities, is that the
network is predicting the manipulator’s velocity with a maximum error of 1.04e −
04 m

s
. To understand how significant this is, it is enough to observe that the velocity

of the manipulator during it’s movement across the sponge is : [−0.05, 0.05].
Now that the network is trained, it is saved into a file so that is can be used later
in the online implementation. The trained model will be a static function that re-
ceives the three indicated inputs, and provide one output. In other words this is
the deformable object’s dynamical model, it’s a function that describes the manip-
ulators velocity based on the object’s deformation. This model will be then used to
design controllers, to track force trajectories with the robotic manipulator on the
deformable object.

4.4 Force Control

The second phase of the experimental process was to track force trajectories while
the UR10 robotic manipulator, is moving while in contact with the deformable
object. The objective is, to assess how the trained neural network can be used
to improve the tracking performance of the controllers. In this section, 5 different
controllers will be tested (P-only, PI, PI with feedforward, P-only with feedforward,
Reinforcement Learning).
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4.4.1 The Use of the Neural Network
In the previous section, it was discussed how a neural network is trained to esti-
mate a manipulator’s linear velocity, as a function of the manipulator’s current and
previous position, as well as the current force acted to the environment. Assuming
the manipulator is required to track a specific force trajectory Fr(t), this sequence
can be the force input to the neural network. This way the network will output
the reference velocity the manipulator requires in order to achieve that force. The
objective is only to track a force trajectory, and thus the position of the manipulator
is not relevant in this implementation.

4.4.2 The On-Line Implementation
This task is being performed online using the real real manipulator, and thus it
requires the use of ROS, as in the data collection part. The difference is that at
every trial, the trained neural network model will be loaded, as well as the scaler,
to scale the inputs to the network.
Moreover, the inputs to the neural network require filtering and this has to performed
online. The difference with the off-line filtering implementation is that in this case,
while initializing the filter there is a transient period until the filter reaches the steady
state. This transient period can greatly affect the neural network’s estimations, and
this would drastically deteriorate the controller’s performance. For this reason, at
the start of every trial a 300 samples period was given to the system, in order for the
filter to stabilize. If the system is working endlessly, this only needs to happen once,
when the system starts and thus it does not affect the rest of the implementation.
Finally, it is important to note, that for this task the reference force is used as
an input to the neural network. This reference force is designed and sent into the
system by the engineer and thus it does not require filtering, hence significantly
reducing the computational cost of the implementation.

4.4.3 Controllers
The controllers used for this experiment will be presented and assessed on their abil-
ity to track a force trajectory on the deformable object, as well as their adaptability
to different trajectories, without further tuning. Tuning a controller is an impor-
tant procedure, and it is highly dependent on the application and the trajectory the
controller is tracking. This means that for most of the controller schemes, in order
to adequately follow a different trajectory without deteriorating performance, the
controller has to be tuned anew.
In order to demonstrate this, 2 new trajectories were defined, one sinusoidal with
different frequency and magnitude than the original one, and one step with a dif-
ferent magnitude. The new sinusoidal trajectory has a frequency of 0.159 Hz, or
a period of 6.28 s, which translates into 785 samples, and a magnitude of 8 N .
The step trajectory on the other hand, has a magnitude of 10 N . These two new
trajectories will be shown in the Force tracking plots.
The first two controllers to be discussed will be the P-only and the PI controller
without the use of the Neural Network as a feedforward term. Afterwards, the im-
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provements of the feedforward term will be presented, as well as an optimal adaptive
controller that was designed using reinforcement learning. It is important to note,
that each controller was tuned separately from the others, and for each trajectory.
However, the tuning was done only for the original 2 trajectories, and the same
weights were used for the new trajectories.
The performance of the controllers will be assessed differently for each trajectory.
For the sinusoidal, the assessment will be based on the mean square error of the
measured force and the reference force signal. On the other hand, for the step
trajectory the comparison will be split into the transition period and the steady
state. It was decided that for all controllers, the steady state is when the error of
the measured force and the reference force is less than 1 N .

P -only

The first controller that was tested in this experiment was a simple P-only controller,
that only takes into account the force error, between the reference and the current
force.

Vp = Kp(Fr(t)− F (t)) (4.3)

The Kp parameter was tuned differently for each one of the two trajectories, to
achieve the best possible performance for this controller scheme.
The P controller’s performance is presented in Figure 4.12:

Figure 4.12: P controller: Force Tracking Performance

In figure 4.13, the force error is presented for both trajectories.
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Figure 4.13: P controller: Force Tracking Error

Finally, this controller was tested in it’s adaptability by tracking a different trajec-
tory without re-tuning the Kp parameter. The controller’s performance is presented
in Figure 4.14:

Figure 4.14: P controller: Force Tracking Performance for the new trajectories
without tuning

In figure 4.15, the force error is presented for both new trajectories (Sinusoidal,
Step).
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Figure 4.15: P controller: Force Tracking Error for the new trajectories

PI

In order to try and improve the first controller’s performance, an integral term was
added, resulting in a PI controller, that only takes into account the force error,
between the reference and the current force.

Vp = Kp(Fr(t)− F (t)) +KI

∫
(Fr(t)− F (t))dt (4.4)

This controller contains two tuning parameters, Kp and KI that were tuned differ-
ently for each one of the two trajectories, to achieve the best possible performance
for this controller scheme.
The PI controller’s performance is presented in Figure 4.16 :

Figure 4.16: PI controller: Force Tracking Performance
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In figure 4.17, the force error is presented for both trajectories.

Figure 4.17: PI controller : Force Tracking Error

Finally, this controller as well, was tested in it’s adaptability by tracking a different
trajectory without re-tuning the Kp and KI parameters. The controller’s perfor-
mance is presented in Figure 4.18:

Figure 4.18: PI controller: Force Tracking Performance for the new trajectories
without tuning

In figure 4.19, the force error is presented for both new trajectories. (Sinusoidal,
Step).
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Figure 4.19: PI controller: Force Tracking Error for the new trajectories

P -only with feedforward

Now, the feedforward term will be introduced to the previous controllers in order to
improve their performance. Note, that the feedforward term, is the velocity that the
neural network estimates. The P-only controller with a feedforward term, is given
by :

Vp = ṗ(t) +Kp(Fr(t)− F (t)) (4.5)
The Kp parameter of this control scheme was tuned differently for each one of the
two trajectories, to achieve the best possible performance and ṗ(t) is the neural
network’s velocity output.
The controller’s performance is presented in Figure 4.20 :

Figure 4.20: P with feedforward controller: Force Tracking Performance
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In figure 4.21, the force error is presented for both trajectories.

Figure 4.21: P with feedforward controller: Force Tracking Error

Finally, this controller was tested in it’s adaptability by tracking a different trajec-
tory without re-tuning the Kp parameter. The controller’s performance is presented
in Figure 4.22 :

Figure 4.22: P with feedforward controller: Force Tracking Performance for the
new trajectories without tuning

In figure 4.23, the force error is presented for both new trajectories (Sinusoidal,
Step).
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Figure 4.23: P with feedforward controller: Force Tracking Error for the new
trajectories

PI with feedforward

Now, the integral term is integrated into the previous P controller with the feedfor-
ward term, resulting in a PI controller with feedforward.

Vp = ṗ(t) +Kp(Fr(t)− F (t)) +KI

∫
(Fr(t)− F (t))dt (4.6)

TheKp andKI parameters were tuned differently for each one of the two trajectories,
as before, to achieve the best possible performance for this controller scheme.
This controller’s performance is presented in Figure 4.24:

Figure 4.24: PI with feedforward controller: Force Tracking Performance

In figure 4.25, the force error is presented for both trajectories.
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Figure 4.25: PI with feedforward controller: Force Tracking Error

Finally, this controller was tested in it’s adaptability by tracking a different trajec-
tory without re-tuning the Kp and KI parameters. The controller’s performance is
presented in Figure 4.26:

Figure 4.26: PI with feedforward controller: Force Tracking Performance for the
new trajectories without tuning

In figure 4.27, the force error is presented for both new trajectories (Sinusoidal,
Step).
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Figure 4.27: PI with feedforward controller: Force Tracking Error for the new
trajectories

Reinforcement Learning

Finally, an optimal adaptive controller was designed, using reinforcement learning.
This controller scheme, tries to minimize a reward function that contains as parame-
ters, both the force error and integral force error (∆F,

∫
∆Fdt), and the controller’s

previous output. However, the controller’s output was only used for the step tra-
jectory, because only in that case it yielded better results (which is logical if one
considers that in the step trajectory a velocity (policy) close to zero is required,
when tracking a constant force). The reward function, as discussed before, is highly
dependant on the problem formulation and the task at hand, thus two slightly dif-
ferent Reward functions were used for the two trajectories. The reward functions
that the algorithm was trying to minimize are presented below:

• For the Sinusoidal :

R(t) =
[
∆F

∫
∆Fdt

]
·
[
Q11 Q12
Q21 Q22

]
·
[

∆F∫
∆Fdt

]
(4.7)

• For the Step trajectory :

R(t) =
[
∆F

∫
∆Fdt

]
·
[
Q11 Q12
Q21 Q22

]
·
[

∆F∫
∆Fdt

]
+ u ∗R ∗ u (4.8)

The tuning parameters for the Actor Critic that was designed for this problem are
presented below in Table 4.1 :

Actor LR Critic LR Q11 Q22 Exploration R RBF Centers
Sinusoidal 1e-4 1e-4 -1e7 -1e7 5e-7 0.0 41
Step 1e-5 1e-4 -1e6 -1e7 1e-7 -1e7 41

Table 4.1: Actor Critic Controller Parameters
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In table 4.1, the Actor and Critic Learning Rates were initialized higher in the first
phases of training, and were gradually decreased. The learning rate can be translated
as, how "big steps" the algorithm is taking in the gradient’s negative direction, and
thus we want "high steps" at early stages for fast convergence, and in the end, "small
steps" for accuracy.

A similar strategy was also used while choosing the exploration factor. The explo-
ration’s purpose is for the algorithm to explore the entirety of the state space and
assign weights to the states. Therefore, in the early training stages, the explorations
needs to be noticeable and thus in both trajectories it was set to be a random nor-
mal distribution with zero mean and standard deviation: 5e − 5. Although, this
is still a small exploration factor, it was enough to explore the entire state space,
while preventing the manipulator from losing contact with the object, as well as not
damaging the equipment.

The Q and R weights were tuned after a considerable amount of trial and error,
until weights that yield adequate results were found. It can also be observed, that
only the diagonal weights of Q matrix were tuned, and the rest were set to zero.
The reasoning behind this is the fact that we don’t want the reward function to
correlate the force error, with the force error’s integral. Recall that the RL agent
uses the discounted cumulative reward as the learning criterion and thus as the
integral keeps increasing over time, the integral action would overpower the error
itself. Correlating the two "states" would yield in a less effective reward function,
and therefore it was decided to use a diagonal Q matrix.

Finally, the RBF parameters were chosen to be 41, which was a adequate split
of the state space that the parameters were moving, as well as computationally
acceptable for an online implementation. Note that with more RBF parameters, it
could be possible to achieve better accuracy, but with considerable computational
cost. Therefore, for the Force Error, the center were split into 41 equal spaces
between [−2, 2], whereas for the integral error, the space was [−1, 1]. One more
reasoning behind the chosen number of parameters was the force censor’s accuracy,
which was 0.1 N .

The controller was trained differently for each one of the two trajectories, to achieve
the best possible performance for this controller scheme. For both trajectories the
training process was similar, in the weight changes as well as the time required for
the algorithm to learn the model. More specifically, the sample time required for the
algorithm to be trained in each trajectory was around 6600 samples. This can be
translated in 2 Episodes, due to the way the trajectories were built (each trajectory
consists of 3300 samples). However, in order to avoid any potential damage to the
equipment, the training process was being constantly monitored and stopped when
the exploration of the algorithm.

The trajectory tracking results for the Actor Critic controller are shown in Figure
4.28:
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Figure 4.28: AC controller: Force Tracking Performance

In figure 4.29, the force error is presented for both trajectories.

Figure 4.29: AC controller: Force Tracking Error

Finally, this controller was tested in its adaptability by tracking a different trajectory
without re-tuning any of the parameters. It was discussed before, that the controller
was tuned differently for the 2 different trajectories. This means that, even this
controller, is case sensitive. However, it was observed in the trials that it can still
adapt after a certain amount of time, even in different trajectories. The controller’s
performance in the 2 new trajectories, without retraining the algorithm, is presented
below in Figure 4.30 :
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Figure 4.30: AC controller: Force Tracking Performance for the new trajectories
without tuning

In figure 4.31, the force error is presented for both new trajectories (Sinusoidal,
Step).

Figure 4.31: AC controller : Force Tracking Error for the new trajectories

A really important remark has to be pointed out here. As discussed in section
4.1, the longer the manipulator is interacting with the sponge, the more the elastic
hysterestic behaviour of the sponge is revealed making it slower to return to its initial
position. This means that sometimes, the manipulator is losing contact with the
material. This is crucial, especially for the controllers that make use of the neural
network, because if the manipulator loses contact, the system’s model is changing,
and the network has not been trained in that model, like in the last part of plot
4.24. However, this can also happen without the existence of the neural network and
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result in oscillations as in the final part of plot 4.16. Therefore, it was considered
important to present this behaviour in the final results and account for it when
discussing each controller’s overall performance.

4.4.4 Results
By observing each controller’s individual performance it is not clear how well each
one is performing compared to the others. Therefore, the mean square error of each
controller for the sinusoidal trajectory will be presented, and for the step trajectory,
the transition period as well as the the mean squared error of the steady state
will be assessed. These metrics will clearly define each controller’s performance
and help clarify the difference in the performance of the control schemes. For the
calculation of the transition period of each controller in the step trajectory, the mean
of the transitions of all 3 steps was considered, and thus the samples of each will be
presented, to highlight the elastic hysterestic properties of the sponge. Moreover,
in the results presented below, the trajectory for which the controllers were tuned
fore, will be denoted as "old", and the trajectories that were used to assess each
controller’s adaptability will be denoted as "new".

Trajectory Mean Squared Error
AC old 0.038

new 0.19
PI feedforward old 0.042

new 0.37
P feedforward old 0.095

new 0.849
PI old 0.071

new 0.846
P old 0.088

new 0.4
Table 4.2: MSE for both the Old and New Sinusoidal Trajectories

From table 4.2, it can be observed that, for the "old" trajectory, the use of the neural
network improved the performance of the simple P and PI controllers considerably.
This makes the use of the neural network to estimate the sponge’s model imperative,
if accuracy is important. However, it can also be observed that the performance of
all the controllers deteriorate when the "new" trajectory is introduced. However, the
Actor Critic controller, apart from being exceptionally better in the "old" trajectory
than all other controllers, it has the least amount of deterioration when the "new"
trajectory is introduced. The reason behind this is the adapting capabilities of the
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Reinforcement Learning based control scheme. It is also important to note, that in
time the AC controller will become even better, as it will keep adjusting its gains
to achieve the best performance.

Trajectory Transition Period
In Samples

Steady State
In Seconds

AC old (18,12,23) : 17.66 0.05
new (55,34,33) : 40.6 0.06

PI feedforward old (183,165,568) : 305.3 0.068
new (194,174,171) : 179.6 0.053

P feedforward old (199,158,167) : 174.6 0.051
new (211,425,335) : 323.6 0.055

PI old (76,60,384) : 173 0.066
new (102,114,407) : 207 0.051

P old (172,102,420) : 232 0.068
new (135,115,195) : 148 0.02

Table 4.3: Transition Period and Steady State MSE for the Step Trajectory, and
both the Old and New Trajectories

For the step trajectory, however, the feedforward term of the neural network does
not seem to have a significant improvement in trajectory tracking, more specifically
in the transition period. This happens due to the fact that the manipulator is
developing high velocities to achieve a fast transition, which are hard to reduce, and
thus an overshoot occurs. In general, if the manipulator does not lose contact with
the material it can achieve an adequate performance and when the force remains
constant even outperforms the simple P and PI controllers. However, one needs to
keep in mind that this can happen any time and thus cannot neglect this possibility.
Finally, as with the sinusoidal trajectory, in the step trajectory as well the AC’s
performance as it can be observed is exceptionally better than all other controllers,
as well as it’s adaptability to a different trajectory. Moreover, this control scheme
has the fastest response out of all, and the least overshoot between all the controller
schemes.
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5.1 Conclusion

The purpose of this master thesis project, was to investigate data driven modeling for
robotic manipulation of deformable objects. More specifically, how a neural network
can be trained, using supervised learning, in order to be used in an online force
tracking application. The neural network model was trained using data collected
from the real "robot-sponge" system, and was approximating a function, with inputs:
a) Force (exerted on the end-effector), b) Current end-effector Position, c) Previous
end-effector Position, and one output: end-effector linear velocity. This model was
then used as a feedforward term of a P-only, and a PI control schemes. The P-
only and PI control scheme were also tested without the feedforward term from the
neural network, in order to showcase how the neural network model approximation
can improve performance. These four (4) different control schemes were tested
and assessed on two different trajectories (Sinusoidal, Step). It was observed that
the feedforward term, was significantly improving the manipulator’s capabilities of
tracking an altering force trajectory, (e.g Sinusoidal). However, when the system
needs to follow a constant force, or a discontinuous force trajectory like a Step
function, it was observed that the control schemes without the feedforward term
were outperforming the others.
This raised the question, if a controller exists that performs equally well in both kinds
of trajectories. A reinforcement learning based controller was designed in order to
answer this question. This controller, still had to be trained for each trajectory
differently, but due to it’s online learning capabilities, it is always adapting to any
changes of the trajectory the robot is tracking, or any small changes to the system
(e.g wear and tear of the robot links, deterioration of the object etc). As a result
this controller scheme outperforms all the others in both trajectories, making this
an optimal control scheme, as it was observed in the results chapter.
Finally, the online learning capabilities of the Actor-Critic controller, were assessed
alongside the static control schemes. The P-only and PI controllers, with or without
the feedforward term has to be re trained for every new trajectory that is introduced
to the system. The dynamic feature of the AC control scheme make it able to adapt
in any new trajectory without further tuning. This is an extremely important feature
of the AC control scheme, since it can save maintenance time and be more efficient
than other controllers.
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5.2 Future Work
As a continuation of this project, the controllers that was designed and tested can
be tuned and assessed in all three dimensions, in movements that are in the 3D
space. Moreover, this study was focused in the state space, and therefore the robotic
manipulator was commanded in the Cartesian space. The studies can be extended
in order for the control scheme to be directly in the joint space, thus reducing the
computational power that is required for the inverse kinematics. Finally, one can use
this study as a baseline to identify, using a neural network, different object models
and then apply this knowledge in force control tasks, while concurrently identifying
which object it is.
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