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An Exploration of Machine Learning Based Solutions in Relation to Wheel Load-
ing Operations.
Caroline Andersson
Department of Mechanics and Maritime Sciences
Chalmers University of Technology

Abstract

Virtual product development using numerical simulations is crucial for heavy ma-
chinery design. This research focuses on using machine learning models to increase
the efficiency of granular loading simulations. In addition, the machine learning
models are trained with data from a miniature wheel loader rig. The models predict
interaction forces and classify materials using sound and vibration data, offering a
robust alternative to vision-based methods in challenging conditions. To improve
transparency, interpretable models are compared with deep neural networks. The
conclusion is that force predictions made by a regression-based machine learning
model in particular show the most similarity to DEM-based force predictions. In
addition, nearly all models achieved a test accuracy of over 90% during particle
classification, with the perceptron and linear kernel SVM providing the highest ac-
curacy with the shortest training times. Lastly, a conclusion cannot be made as
to whether a deep or interpretable model is better suited for the force prediction
task. However, either feedback-based force generation is unsuitable or it has to be
tweaked more to produce better results.

Keywords: ML, GRU, DEM, loader, granular, prediction, classification, particles,
sound, force
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

Symbol
w

Variables

Symbol
x

y

2k

Yi

&i

a;

Description

Weight matrix used in Perceptron and other neural models.
Weight matrix used in GRU model.

Bias term in Perceptron, SVM, and GRU.
Regularization hyperparameter in SVM.
Nonlinear mapping function in SVM.
Sigmoid activation function.

Hyperbolic tangent activation function.
Scaling factor in sigmoid kernel.

Offset term in polynomial or sigmoid kernels.
Degree of polynomial kernel.

Variance in Radial Basis Function (RBF) kernel.

Description

Input vector or data sample for models.
Predicted class in Perceptron.

Score for class k in Perceptron.

Class label for sample ¢ in SVM.

Slack variable in SVM for handling soft margins.

Lagrange multiplier in SVM dual formulation.

X1



xii

Description

Kernel function in SVM.

Hidden state in GRU at time ¢.

Update gate in GRU.

Mass of particle 7 in DEM.

Velocity of particle ¢ in DEM.

Rotational velocity of particle ¢ in DEM.

Moment of inertia of particle 7 in DEM.

Force applied to particle ¢ by collision with particle j in DEM.
Gravitational force on particle ¢ in DEM.

Torque applied to particle ¢ by particle 7 in DEM.
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1

Introduction

1.1 Background

Virtual product development based on numerical system simulations has become
one of the most important tools in heavy machinery and vehicle development. Agri-
cultural and construction machinery developers increasingly rely on virtual methods
and digital twins. To evaluate the design performance of wheel loaders or a new con-
cept for a harvesting machine, it is not sufficient to only create a suitable machine
model. The model must also incorporate driver and operator models and accu-
rately represent interactions with the environment, which requires detailed ways to
describe these interactions [15].

\_f‘

(a) Demify® simulated model (b) A test conducted at Volvo CE

Figure 1.1: A wheel-loading scenario and its digital twin.

This interaction involves complex physical processes, such as the prediction of
interaction forces between the particles and the wheel loader bucket during granular
loading operations, making specialized modeling and simulation techniques neces-
sary. A virtual test environment must include various material types (e.g, rock,
sand, dry soil, cohesive soil, wood chips) to accurately represent the wide range of
load cases encountered in real-world applications. Thus, an essential engineering
need for heavy machinery manufacturers is to develop granular loading simulations
that are both efficient and accurate in predicting reaction forces.

A significant challenge lies in balancing speed and accuracy in these simulations.
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Although accurate predictions typically require computationally intensive physics-
based particle simulations, current industrial practices often rely on overly simplified
models that, while faster, lack the necessary precision. This thesis aims to address
this gap by integrating Al modeling methodologies trained on data collected from a
miniature wheel loader model, with the goal of achieving real-time force predictions
with high accuracy.

Beyond force prediction, this research extends to the classification of granular ma-
terials. The ability to classify different materials during loading operations has the
potential to give self-driving wheel loaders increased awareness of their surroundings.
For example, this could help the wheel loader dynamically adjust the magnitude of
the forces applied, or loading patterns associated with a specific type of material.
More specifically, the machine learning model should explore the potential of iden-
tifying differently shaped particles of the same material using sound and force data.
In addition, the use of sound and vibrations could complement vision-based material
identification methods.

One key advantage of sound-based classification methods is their ability to cir-
cumvent issues common in vision-based approaches, such as sensitivity to lighting
fluctuations and occlusions caused by weather, dirt, or other external factors [22].
Since loading operations often occur under such variable conditions, sound-based
methods could be a superior alternative to vision-based approaches. Previous re-
search has explored audio classification tasks related to loading, such as faulty pour-
ing detection [14] and operational classification [3].

To address the black box problem [10] associated with deep neural networks,
which obscures the decision-making process, one or more interpretable glass box
models will also be developed and compared. This approach helps build trust in the
results by providing transparency. For glass box models, k-nearest neighbors (kNN)
classifiers, support vector machines (SVM) [34], and decision trees are commonly
used in sound classification tasks. Examples include heart sound classification [38],
[34], combined black box and glass box classification tasks [35], and machine state
monitoring using sounds and vibrations [12].

1.2 Related Work

In a theses paper, [6] the use of sound data to estimate material mass during pour-
ing tasks is explored. A pouring task refers to the act of loading and unloading
material from a bucket repeatedly. This closely relates to the current work, which
also involves granular materials and uses a sound-based approach. In addition, the
use of poured mass prediction may be applied to the current force prediction case.
In the thesis, there are several deep learning architectures, with the long short-term
memory (LSTM) and gated recurrent unit (GRU) models proving to be the most
effective for processing time-dependent audio data. These models are likely appli-
cable to the current study, as audio data is time dependent. However, the study
differs by not incorporating complementary data, such as the exerted forces dur-
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ing manipulation, which is a key focus in this thesis. Moreover, while both studies
classify distinct particle types, the research does not capture the subtle differences
in particle shapes that are central to the current research. Instead, it involves pre-
dicting the poured amounts of distinct particles such as rice, pasta, and coffee beans.

In the another paper [27], a robot is taught to predict missing values in a matrix
by performing actions like grasping, lifting, and shaking objects. Just as in the
current work the study handles the classification of different materials, but with a
different output goal. In the study, multiple types of sensor data were used, includ-
ing robot joint torques and audio. Furthermore, containers with granular materials
were shaken and dropped in order to identify the materials in each container. Other
than that, additional features such as colors and container weights of each container
were used.

Additionally, recurrent architectures that utilize Long Short-Term Memory (LSTM)
units have been proven effective in processing acoustic signals. The effectiveness is
found in the network’s ability to capture sequential relationships [28]. A simpler,
but effective approach [4] utilizes GRUs as an alternative to LSTMs for recurrent
networks. GRUs are shown to work well in tasks involving acoustic signal learning
and have even outperformed LSTMs in certain cases [31, 36]. Furthermore, various
studies demonstrate that transforming raw audio into a spectrogram representation
is highly effective for training neural networks [11, 29, 25, 26]. As an example,
Convolutional Neural Networks (CNNs) achieve notable success when applied to
spectrograms for tasks such as speech recognition and other classification challenges
[17, 25, 30].

For glass box models, SVMs are successful in handling classification tasks [16].
Particularly, they show over 75% accuracy when "classifying kinds of material and
driving stages and styles of Volvo wheel loaders (WLO)". The classification is done in
real time, which limits the project to computationally inexpensive machine-learning
models. Another study also uses SVMs but for environmental sound classification
[34]. The difference compared to the current project is that general environmental
sounds are classified and the ESC-10 and ESC-50 datasets are used. These datasets
are publicly available and contain mixed audio data e.g., dogs barking, pouring
rain, sea waves, babies crying, clocks ticking, people sneezing, helicopters, chain-
saws, roosters, and fires crackling. The authors managed to achieve an accuracy of
89% and 65% respectively for the two datasets. A third study focuses on emotion
recognition and tests decision trees, logistic regression, support vector machines, and
random forest classifiers. The highest accuracy of 76.01% is achieved with logistic
regression [1]. A fourth study involves using machine learning to monitor machine
health based on sounds and vibrations. The models applied are K-nearest neigh-
bors, convolutional neural networks, and support vector machines. However, the
use of synthetic data due to data scarcity likely makes the results less adaptable to
real-world data [12].

When handling force prediction, a study [13] employs the Long-Short-Term-

3
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Memory model for predicting the advance rate of the tool during rock boring op-
erations. The study does not include force predictions but uses pressure data as
input among other types of sensor data. The data recording and Al-model training
aspects of this study are similar to what is carried out in the current thesis. Thus
inspiration for research design is taken from the study. Another study focuses on
predicting the instantaneous milling forces in real-time based on an input current
[23]. In the paper, the nonlinear relationship between the current and output force
is highlighted. Therefore, a model utilizing CNN and RNN combined architectures
is used. Although this is the case, there is no motivation for why a single RNN
would be insufficient.

Next, [18] evaluates an unsteady aerodynamic time series prediction model us-
ing an LSTM model. Specifically, the "unsteady aerodynamic force under varied
Reynolds number and angles of attack is predicted by the LSTM model." The model
is trained on sample intervals from different data sequences and asked to predict the
next coefficient in the series. This is highly applicable to the current project. In
the end, the model is successful in predicting accurate coefficients and it is observed
that when using interpolation techniques for validation it is more accurate than us-
ing extrapolation.

Another paper introduces a Neural Network-based method for predicting con-
struction cable forces in large-span concrete-filled steel tubes arch bridges, aiming
to enhance both accuracy and efficiency [37]. Both a Multi-Layer Perceptron (MLP)
and a Long Short-Term Memory network are fed random cable forces generated by
employing a finite element method model of a bridge system. LSTM is deemed the
most successful model that achieves the highest accuracy with the least complexity.
However, the study utilizes only artificially generated data for training which can
lower real-life adaptability.

Finally, the last study [32] aims to model wet milling by creating a computational
fluid dynamics-DEM-based framework that combines experiments, simulations, and
Al This framework is used to investigate the impact of disc geometry, tip speed,
and grinding bead size in stirred media mills. Once the validity of the simulated
models had been confirmed, an Al for predictive modeling of the relative velocity
distribution and spatial distribution via heat maps was developed [33]. Regarding
the choice of model, genetic reinforcement learning is applied, combining a neural
network with a genetic algorithm. The study found that the relative velocities could
be predicted with a similar accuracy to that of the simulations. In conclusion, it is
found that AI can be used to save computational time compared to simulating each
case.
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1.3 Research Questions

The aim of the thesis project is to evaluate how machine learning and Al techniques
can be used to generate surrogate models for real-time granular material tool in-
teraction simulations. Additionally, it explores the closely related topic of granular
material identification.

The main research questions to be answered are

o How do the force predictions made by a machine learning model compare to
forces simulated using DEM?

o Which type of machine learning model is best suited for ceramic particle clas-
sification based on sound profiles and exerted forces recorded during loading?

o How do interpretable models compare to deep neural networks in both classi-
fication and force prediction?

1.4 Research Objectives

The research objectives of this thesis are categorized into primary and secondary
goals:

Primary Objectives:

e« Neural Network for Force Prediction: Develop and train a neural net-
work model to predict forces exerted during interactions between the tool and
granular material. This model will be evaluated against simulated DEM force
predictions to assess its accuracy and practical applicability.

o Neural Network for Shape Classification: Create a deep neural network
model capable of classifying three distinct shapes of the same material. The
model will be trained utilizing both sound and force data collected during the
loading process, with the goal of achieving high accuracy in shape classifica-
tion.

o Comparative Analysis of Models: Develop interpretable models for classi-
fication and force prediction, and compare the performances to that of the deep
neural networks. This comparison will help determine whether interpretability
impacts classification and force prediction accuracy.

Secondary Objectives:

« Real-Time Data Verification: Verify the models applying real-time data
collected while the robot operates. When real-time verification is not feasible,
use the collected data for validation purposes.

e Model Validation Techniques: Employ various model validation methods,
including cross-validation, and test different end effectors to enhance model
robustness. Note, that testing different end effectors may not be possible if
real-time operation is not achieved.

o Sample Collection: Aim to collect up to 10,000 samples for training pur-
poses. While the goal is to reach this number, the focus is on gathering as
many samples as possible to ensure a robust training dataset.



1. Introduction

o Test Other glass box models: Other interpretable models should be eval-
uated if possible. There are a few suitable classifiers such as SVM, kNNs and
Random Forest.

« DEM Simulation: Simulate the bucket-particle interactions in Demify® and
compare them to the experimental and predicted force data.

1.5 Limitations

In this thesis, several limitations may impact the results. The dataset consists of
9,999 samples, including data outliers, from complete UR-robot runs, which, while
sufficient for training a deep neural network, may still be inadequate for achieving
high accuracy. Noise in the sound data could also affect prediction accuracy, even
after noise reduction. The choice of model architecture has a significant influence
over the produced results. However, only GRU models will be evaluated in this
project. LSTMs have been excluded as they were applied to the classification prob-
lem initially, but were not able to converge to an accuracy over 5%. Only the three
shapes triangle, cylinder, and sphere will be evaluated, excluding other shapes and
materials to avoid increased problem complexity. For interpretable models, only one
carefully selected glass box model will be evaluated. Additionally, the force predic-
tion model will not be compared against transparent models, and the deep neural
network will not be integrated into a real-time system, though it will be ready for
future real-time deployment.
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Theoretical Framework

This chapter presents and discusses the models that are used in the thesis. Among
these models are the perceptron, support vector machine (SVM) and the gated
recurrent unit (GRU). In addition, DEM is introduced briefly.

2.1 Machine Learning Models

Three machine learning models and their respective mathematical backgrounds are
introduced in this section. The three model types are the perceptron, SVM, and
GRU networks.

2.1.1 Perceptron

The perceptron machine learning model and is a fundamental part of artificial in-
telligence [24], [2]. In this thesis, the perceptron is presented without an activation
function, which distinguishes it from more advanced deep-learning models. An acti-
vation function’s main purpose is to introduce non-linearity into the model, allowing
it to learn and represent complex patterns in data. The absence of such a function
results in a purely linear model, which simplifies its behavior and increases its in-
terpretability. The mathematical representation of a perceptron with weight matrix
W, input vector x, bias term b and predicted class ) is

§ = arg m]?x(zk) (2.2)

The model computes a weighted sum of inputs, producing scores for each class. The
class with the highest score is selected as the predicted class. The model iteratively
adjusts weights to improve prediction accuracy using optimization techniques like
gradient descent. For force prediction, the output shape can be adjusted to gen-
erate either a single force value or a series of values instead of class scores. This
modification allows the perceptron to function similarly to a regression model, pre-
dicting continuous values instead of discrete categories. Furthermore, the model is
characterized by its simplicity, but that also comes with drawbacks. One notable
drawback being that the perceptron can only separate linearly separable data [20]
making it inappropriate for other types of data. Other than that, the perceptron
only provides deterministic outputs that do not indicate the probability of each class
being correct [19]. Probabilistic outputs are preferable since they indicate a level of
confidence in the results.
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2.1.2 Support Vector Machine

The support vector machine (SVM) is a machine learning model which is thoroughly
explained in [9]. The method works by separating data using hyperplanes like shown
in Figure 2.1 that maximize the margin between different classes. The data points
are mapped to a higher-dimensional feature space, where each point represents a
feature. Thereafter, the model is trained by solving an optimization problem that
minimizes a loss function L subject to certain constraints.

L(z,€) = ;wTw Loy (2.3)
=1

yi(w () +0) > 1 & (2.4)

3§ > OVi (2.5)

x represents the training samples, w the weight vector, £ is a slack variable which
enables a soft margin, y; the class label for sample i, b the bias term and ® a non-
linear mapping function. The hyper-parameter C' controls the trade-off between the
complexity and fitting error. This method is referred to as the primary formula-
tion of the problem. However, when the dimensionality of the problem becomes too
large, the method might not converge to a desirable accuracy [9]. As a solution to
this problem, a dual formulation maximization problem is introduced which utilizes
Lagrangian multipliers. Thus, the equations are rewritten

n 1 n
mngozi — =Y aayy K (3, @) (2.6)
i=1 ij=1
Y iy =0 (2.7)
i=1

« is a Lagrangian multiplier, K is the kernel representing the shape of the decision
boundary and can be chosen either linear or not. Examples of such kernels include

Linear: K(z;,z;) = z] ; (2.9)
Polynomial: K (z;,v;) = (z] 2; + c)* (2.10)
. . . |zi —
Radial Basis Function (RBF): K(z;,z;) = exp EEETYC I (2.11)
o
Sigmoid: K (z;,z;) = tanh(ax] x; + c) (2.12)
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Dimension 1

Dimension 2

Figure 2.1: SVM hyperplane separating two classes.

Figure 2.1 shows the concept of how an SVM separates data points with the use
of hyperplanes. The image displays two classes in a 2D space, which are separated
using a linear kernel.

2.1.3 Gated Recurrent Unit (GRU)

A GRU is a type of deep neural network that is described in [8], [5]. The network
itself is a form of Recurrent Neural Network (RNN), a model loosely illustrated
in Figure 2.2, which typically excels in tasks involving data sequences. Typically,
RRNs suffer from the vanishing, or exploding gradient problem. This is a problem for
longer data sequences, however, the GRU model reduces this problem significantly.
Unlike comparable long-short-term memory (LSTM) networks, which utilize a cell
state and three separate model gates. GRUs simplify this process by combining
the cell state and hidden state into a single hidden state and using only two gates.
Figure 2.3 shows the inner workings of a general GRU. The update gate, z;, controls
how much of the previous hidden state is carried forward. It processes the previous
hidden state h;_; and the current input z; through a sigmoid activation function to
produce a value between 0 and 1, where 0 means discarding past information and 1
means keeping all of the past information. W, , and U,, represents the weights of
the update gate and b, , is a bias term.

2t = O'(Wzl't + Uzht,1 + bz) (213)

ry = O'(WT.’Et -+ Urht,1 -+ bT> (214)

The new candidate hidden state h; is computed using the reset gate, note the use
of the ® Hadamard element-wise product. Once again W), and U, are the weight
matrices associated with the potential hidden state, g is the hyperbolic tangent
activation function, and by, is the corresponding bias term.

he = gWhay + Un(re © hy—1) + by) (2.15)

Lastly, the hidden state h; is updated by interpolating between the previous
hidden state and the potential state, which was calculated by the update gate:
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ht = (1 — Zt) ® ht—l + 2z © iLt (216)

RNN

Figure 2.2: A basic RNN architecture.

it

ht]

Figure 2.3: A general GRU architecture.

2.2 Discrete Element Method (DEM)

As presented in the objectives chapter, the DEM simulations were compared to
experimental data in order to verify the simulation results reliability. Since the
simulations are an important tool for evaluation, their underlying mathematical
principles should be explained at least on a basic level. Demify® [7], is a high-
performance GPU-based DEM software developed in-house at Fraunhofer-Chalmers
Centre. The software allows for the simulation of different particle shapes and also
integrates with the IPS robotics simulation module. This enables a digital twin
setup of the robot loader described in Section 3.5. DEM, or the discrete element
method, is best described as a numerical method used to simulate the interactions
between particles. Furthermore, each particle is treated as an individual object with

10
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its own unique state variables such as position, rotation and velocity to name a few.
These calculations stem from Newton’s second law, which more specifically provides
the position and velocity of each particle [39].

ij

mi% => F +F/ (2.17)
J

dw:
J

In this case, v; is the velocity of particle i, w; is the rotational velocity of particle
i, m; and I; are the mass and moment of inertia of the particle. F? is the gravita-
tional force applied to particle i. Fy; and M;; are the force and the torque applied
to particle 7 caused by the collision of particle 7 and j.

Furthermore, it is possible to simulate how particle beds behave under certain
circumstances, such as when pressure is applied by an external tool. This makes
Demify a useful tool in particle since the granular material that is lifted by e.g., a
wheel loader, can be made into a digital twin. This works by considering the col-
lisions between each particle in the particle bed, and it introduces some additional
parameters such as particle friction.

Besides the material properties of the particles, the shapes of the particles greatly
affect the outcomes of the simulations. In this project, three types of particle shapes
are included namely spheres, cylinders, and prisms. The particle shape representa-
tion for these particles is handled by using dilated polyhedrons. This method works
by sweeping a sphere along the surface of the particle, given that the particle is
convex in nature. Formally, this operation is known as the Minkowski sum [21] and
its main advantage is its computational efficiency. The operation is shown in Figure
2.4. The broad-phase collision detection in the solver is performed using a boundary-
volume hierarchy tree implemented for GPU computation. The contact model used
for particle-particle and particle-tool interaction is the Hertz Mindlin-Deresiewicz
(HMD) contact model.

D@ =

Figure 2.4: The Minkowski sum applied to a prism-shaped particle.

11
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3

Methodology

3.1 Experimental Setup

All training data for the machine learning models is collected using a rig. The rig
itself consists of a URbe robot which has a 3D-printed nylon bucket attached as its
end effector as seen in Figure 3.6. Furthermore, the bucket is a down-scaled version
of a real-life size bucket provided by Volvo CE. A real-life bucket model is used since
the robot is intended to mimic the behavior of an actual loader. Furthermore, using
this rig as a wheel loader miniature model is only possible due to the robot’s ability
to adapt to vastly different situations by choosing the right end effector. Below the
robot arm in Figure 3.1 is a box with a horizontally aligned particle bed. The rea-
son for using a flat particle bed is that it is easier to handle mechanically, as e.g, a
slope would have to be rebuilt by hand after each operation. Instead, this problem
is avoided by introducing a back and forth robot path. With this path, the robot
operates in a loop where the particle bed converges to a steady state after a certain
number of continuous operations. The particle bed itself contains ceramic tumbling
media of the shapes cylinders (F 6x7 Z, art-nr 1205803), prisms (BA 6x6, art-nr
1205870) and spheres (FSG O 6, art-nr 1205784). These have all been measured to
fill approximately the same volume in the box. Figure 3.1a) shows an example of a
digital twin setup in Demify®.

(a) Demify® particle simulation with  (b) The URb5e robot rig.
UR-robot.

Figure 3.1: Real-life URb5e robot (b) and its digital twin (a).

13
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Although several types of data are recorded from the robot setup, the two most
important data types are the forces and the recorded audio. The forces are recorded
from built-in sensors in the URb5e robot, while the audio is recorded using an external
microphone. The microphone is a Superlux ECM999 condenser microphone which
is attached to a mic stand and connected to the external Focusrite Scarlett 2i2 3rd
Gen audio interface. The audio interface is then connected directly to a laptop
which is used to control the robot movements and data collection. The scripts for
data collection were created based on the universal robots real-time data exchange
(RTDE), which is an external python package. RTDE’s enables for easy data logging
between the universal robot and a computer. Normally, the UR-robot lacks the
functionality to record data in real-time, or at a certain frequency. This functionality
is what is gained from using the RTDE package, although the maximum sampling
frequency is 500 Hz for the universal robots e-series. The actual data collection
script is based on a universal robots RTDE setup script, which is then modified
to handle both the audio and the robot data collection simultaneously. The data
collection syncing is handled by letting a function monitor both the force and audio
recording functions, making sure that the functions wait for each other in the case
that one finishes before the other.

3.2 Dataset

In order to train the selected black and white-box models, an appropriate dataset
should be used. Normally, open database datasets such as MNIST, ESC-50, Urban-
Sound8K, Kaggle and others would be valid candidates for such tasks. However,
in this project a specialized dataset with the classes prisms, spheres and cylinders
was created to mimic the conditions during normal excavation. A simple setup
using a URbHe robot and three containers with one class in each was used. The
volume in each box was held as consistent as possible by taking into account the
packing and material densities of each particle class. However, the prism box had
to be filled with a lower volume as the robot failed to run through the material
due to load limits. The path of each operation was kept consistent, but the speed
was varied for each sample as to broaden the applicability of the dataset. More
precisely, the mean speed was set to 50% of the robot’s maximum tool speed of 1
m/s and varied according to a normal distribution with a standard deviation of 10%.

The dataset consists of 9999 samples with 3333 samples belonging to each class.
The collection of the data took approximately two weeks to complete with around
six hours of running time each day. Furthermore, each sample consists of a sound
recording and a corresponding force data recording with a duration of approximately
16 s for each sample. Additionally, the sampling rate of the sound data is 48 kHz
while the force data was recorded at 200 Hz. The difference in sampling rate could
potentially introduce syncing issues between the audio and force data. However,
this is mitigated through the use of global time and syncing tests. In the syncing
tests, impulse-like sound signals are generated as a way to sync max sound impulses
to max forces.
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One problem with the data collection is that syncing between the audio data
and the robot data is difficult to ensure. In order to combat this problem, a simple
syncing test is performed as shown in Figure 3.2. The test has the robot come
in contact with a wooden plank, holding down on it with a force of 30 N for four
seconds before release. Since the sound with the highest amplitude appears at the
same time as the highest force, the signals are considered to be in sync. If they
are not in sync this results in the machine learning models learning relationships
between data that are incorrect.

Audio Waveform and Force
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Figure 3.2: Calibration test applied force: 30 N.

3.3 Data Augmentation Techniques

Data augmentation is an important tool when training robust and fast-converging
machine learning models. Especially helpful is the use of data normalization which
can increase the convergence rate during training. Data normalization does so by
centering the data, often around zero mean with a standard deviation of 1, which
makes it easier for the model to learn patterns and relationships within the data
more consistently. Different types of normalization are often applied to a select
number of samples, rather than the whole dataset. However, normalization is an
exception because of its great benefits. Therefore, it is applied to the full dataset.

In the case of the audio-related features the Mel-Frequency Cepstral Coefficients
(MFCCs) are applied. The MFCCs are features commonly used in speech and au-
dio processing to represent the power spectrum of a sound signal. They are derived
from the cepstral representation of the audio signal, with the frequency axis scaled
according to the mel scale, which approximates how the human ear perceives sound
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frequencies. MFCC itself most often includes 13 unique features.

Zero padding is used to make the input size of each sample equal, which is a
requirement when training most machine learning models. In this case, zeros are
added to the end of all data samples shorter than the longest identified sample.
Although all samples must be padded to the same length, zero padding is only ap-
plied to data that is cut into windows for the GRU architecture. This is because,
when training the SVM and perceptron the full image is treated instead of window
snippets. In the single image, no matter its length only a single instance of each
feature is extracted, making the original image length irrelevant.

Other data augmentation techniques are applied to a fraction of the samples.
These techniques aim to make the model more robust to diverse sample types. Es-
sentially, augmentation is meant to artificially expand the dataset and make it more
diverse by adding changes to some of the data samples. However, one drawback
to this approach is that augmentation cannot replace the use of new fresh samples.
Instead, augmented data only extend the adaptability of the dataset within the
boundaries of what is already known, without introducing truly novel information.
Applied augmentations are Gaussian noise, data reversing (flipping), time shifting,
time masking, pitch shifting and scaling.

o Gaussian Noise: Adds random noise to simulate background conditions, like
those found at a construction site.

« Data Reversing: Flips the data, playing it in reverse, which introduces
temporal variability.

o Time Shifting: Moves the signal along the time axis, altering the timing of
events in the sample.

o Time Masking: Temporarily hides parts of the signal, forcing the model to
make predictions with less information.

o Pitch Shifting: Changes the pitch of the audio data, making the tones higher
or lower to simulate variation in frequency.

e Scaling: Increase or decrease the data amplitude

3.4 Model Architectures

Many of the machine learning models used in this project are very similar. The
main applied models are GRUs, SVMs and Perceptrons with some variations. This
section aims to clarify what configurations are used for these models as well as type
choice of input data to the models. After all, more than the raw data itself can be
fed into a model, specifically data features. This can be seen as giving the model
directions for what to look for in the data.

3.4.1 Deep Learning Model for Particle Classification

The chosen deep learning models used for particle classification is a GRU model since
it can handle time series data as well as mitigate the vanishing gradient problem.
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The inputs to the network consist of

e 1-13: MFCC features

e 14: mean force

e 15: median force

e 16: force variance

e 17: max force

e 18: max force time

The GRU network architecture shown in Figure 3.3 consists of a single GRU
layer that takes both the 18 available input features as well as an initialized hid-
den state h0. The value 2097 in the figure refers to the sequence length of the
data. After the GRU layer, a layer normalization is applied, which normalizes the
data across the feature dimension. Layer normalization is preferred over the com-
mon batch normalization when working with RNN-based networks which is because
batch normalization may introduce instabilities since time-dependent data varies
between batches. The normalization itself is beneficial since it can accelerate the
training process. After normalization, the data is output through a fully connected
layer which reshapes the data into a suitable 1D output format. Lastly, a softmax
function calculates the probability of each outputted class.

Input

GRU layer Layer norm

FC layer

SoftMax

Input data:
[128, 2097, 18]

[128, 2097, 32]
(128, 32]

Hidden state:
(1, 128, 32]

Figure 3.3: GRU network architecture.

3.4.2 Interpretable Model for Particle Classification

Although there are many suitable choices for interpretable machine learning models,
it is good practice to start by using simple models. In this case, a simple perceptron
was selected as an initial architecture. Although perceptrons usually only handle
binary classification tasks, they can be adjusted to handle multiple classes with
little difficulty. This is done by adding a new row of weights for each available
class, which results in a weight matrix of the shape classes x (features + 1) with
the additional +1 representing a bias term. Furthermore, the perceptron takes the
same parameters as the deep learning model, namely:
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e 1-13: MFCC features

e 14: mean force

o 15: median force

e 16: force variance

o 17: max force

e 18: max force time

Figure 3.4 shows the architecture of the perceptron. n inputs are fed to the
perceptron, which then applies weights that are summarized into three votes. There
is a single vote for each available particle class, and the class with the highest score
is output as the final class.

Input weights
1x1 3x1

argmax() Voted

Class

Figure 3.4: Perceptron architecture.

Other than the perceptron, an SVM model is trained to investigate if the use of
kernels with different complexities will produce better results than the linear percep-
tron model. The input data is kept in the same format as for the other classification
models to preserve a level of consistency, which is important for the final evalua-
tion. Note that the SVM can be considered both interpretable and not depending
on the choice of kernel, where a linear kernel results in linear weights comparable
to the weights of a perceptron. On the other hand, an RBF kernel introduces a
higher complexity which can not be considered a "glass box" model. However, for
comparison simplicity all of the SVM results are included in the same subsection.

Although many other models, such as decision trees and kNNs are suitable, the
SVM model is chosen, because it can handle non-linear and high-dimensional data.
Furthermore, unlike kNNs, which perform minimal work during training but must
process the entire dataset at each evaluation, an SVM performs heavy computations
during the training phase. Thus, it may be more time-efficient when making predic-
tions post-training. Thus, an SVM is more suitable for larger datasets, despite the
fact that 10,000 samples in this case result in a long training time. An additional
advantage of SVMs is that they are less prone to over-fitting. The SVM is trained
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using a b-fold cross-validation technique. The technique splits the dataset into five
subsets and one of them is used as the test set while the others are used for training.
This procedure is repeated with different folds as the test set each time. This makes
the model less dependent on a specific train-test split, which reduces the risk of
over-fitting.

3.4.3 Deep Learning Model for Force Prediction

The step from training a model to generating full-force sequences can be confusing.
One could argue that it is enough to use a simple regression model, or something
very close to a curve-fitting model. However, in this case, the optimal scenario
would be to generate forces similarly to how they are generated with DEM. One
way to do so is by applying a one-step approach, where only the next force value in
a sequence is predicted. This is meant to mimic the dynamic one-step calculations
of DEM, where in a real-time system positions could change stochastically. There-
fore, because of the one-step force generation, two steps are required for the full
force to be generated. The first step is training the actual model on some data and
the second step is creating a feedback loop, which helps the model generate a force
graph dynamically.

Choosing the right model when trying to perform a force prediction is crucial to
the success of the task itself. Without a fitting approach, the model may not be
able to learn the underlying patterns in the data and make successful predictions.
Like in particle classification, a GRU was chosen as the base network for the force
generation task. However, not only does the type of model dictate how well it will
perform, but the format and the type of data that is fed to the network will greatly
affect the outcome as well. With this in mind, a total of four data formatting ap-
proaches are tested.

The first one is a window-based approach, where the data is divided into a number
of windows before training. At the stage of training one random window is selected
from the current sample and fed as an input to the network. The network then
tries to predict the first force value of the next consecutive window. The advantage
of this approach is that when selecting a random window it should be possible for
the model to make correct predictions no matter when it starts making predictions
during the material loading process. This should result in a model that is better at
generalizing than one that requires all previously known data in a time series. The
data types that are fed to the network are positions, velocities, accelerations, and
previous forces in the selected window.

The second approach, which is henceforth referred to as the gaze-forward ap-
proach, is very similar to the first approach. However, instead of only making a
single forward prediction, the model must predict a larger part of the time series.
The reasoning behind this method is that the model becomes better at predicting
the next value in a time series when it is trained to predict more than only a single
value. Although a greater part of the force is predicted, the feedback loop should
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still only use the first predicted value.

The third method moves away from the use of windows and lets the network use
all previously known data points as input. This means that the model might not be
able to handle partial input sequences as well as the others. However, one advantage
of this method is its simplicity. The use of windows introduces complexity, which
could also result in unexpected model behaviors. In addition to that, the model
takes the derivative of the force as an additional input, giving it another hint to
what should be the next force value.

Finally, a simple model similar to the previously mentioned windowless model
is trained. The difference compared to the other model is that it predicts the full
sequence compared to just a single value. In addition, it utilizes a different set of
input data. In this case the input is position, velocity, acceleration, and particle
type. Note that the force is no longer used as an input to the network, instead its
is only required as an output from the model.

3.4.4 Interpretable Model for Force Prediction

The interpretable models in the force prediction case are the same as in the clas-
sification case. The interpretable models utilized are once again a perceptron, or
regression model as well as an SVR, which is an SVM that has been adapted to han-
dle time-series data instead of classification. Compared to the classification case, the
prediction models take other inputs. In addition, the perceptron model is not aver-
aging like the implemented particle classification perceptron was as it was far easier
to set up a regression model based on a neural network architecture rather than
creating one from scratch. This was largely a decision made due to time constraints,
but it should have a low impact on the final results.

3.5 DEM Modeling

A software extension called Demify®, designed for particle interaction simulations,
serves as a valuable tool for verification purposes. As mentioned, one of the main
goals of this project is to create a force prediction model that can predict forces
in the same way Demify® does but at a faster rate, or preferably real-time. As it
stands, the setup in Figure 3.5 needs up to three hours for a single force prediction.
The digital setup itself consists of a box, particle beds with the three particle shapes,
and a bucket. All these components were created with the same dimensions as their
real-life versions. The bucket is identical to the one attached to the robot arm and
the box has the same volume as the box in the rig. However, the box itself is a
simplification of the real box which has more details and a slightly irregular shape
as seen in Figure 3.1b. Figure 3.5 shows the simulation setup in Demify®. The
bucket path is displayed in red, blue, and green which corresponds to the x, y, and
z coordinates of the bucket at each time step. Furthermore, the time steps for this
operation are kept the same as in the real robot rig with a frequency of 200 Hz.
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Figure 3.5: Demify® Simulation Setup.

As for the choice of parameters related to the particle-particle (pp) and particle-
tool (pt) interactions a few simple tests were conducted to find the friction and
restitution. The mean friction of the particles, which are made of the same ma-
terial, is around 0.38. The coefficient of restitution is around 0.48 for the ceramic
particles. A parameter study was also conducted in Demify® which evaluated all
pp and pt combinations between values 0.3-0.8 in steps of 0.05.

The bucket has to follow the same path as the UR-robot does. This was ensured
by exporting the positions from the robot itself and converting them to an xmo-file
containing the path in a quaternion-based format. Figure 3.6 shows the CAD version
of the real-life bucket, which was used to 3D-print the bucket itself. In addition, the
CAD model was imported into Demify® as the bucket object seen in Figure 3.5

Figure 3.6: A CAD model of the down-scaled bucket and its UR-robot attachment.

3.6 Training Process

The training process is determined by the way the data is handled, how the data
is loaded, and by the choice of parameters. The parameters shown in this section
are the parameters that produced the best results for each model. However, many
different combinations have been tested in this project.

21



3. Methodology

3.6.1 Training of the Classifiers

The training of the GRU network is done using PyTorch, and the training pipeline
starts by loading the data through a custom data extraction class. Instead of loading
all data at once, it is loaded dynamically, which means that data is only loaded
right as it is being used. Furthermore, the custom class both augments and extracts
data features in that order. In this case, the temporal aspects of the data are
especially important and therefore each sample is divided into sub-windows so that
the temporal aspects are not lost. Secondly, the data is loaded into a Datal.oader,
which is a commonly used package that loads the data into batches and shuffles it.
The use of batches accelerates model learning as the model is allowed to update its
weights after every batch instead of having to go through the entire dataset to take
a step. The batch size is chosen to be 128 samples per batch. Other than that,
the window length is 2097 for the GRU network. The input_ size is the number
of features fed to the network, the hidden size is the number of neurons in the
hidden state vector h_ t. num_ layers is how many GRUs are stacked on each other,
the learning rate is how much the weights are updated at each time step. The
num__epochs are the total number of times the whole dataset is processed by the
model during training and the sequence_length is the length of the data loaded into
the network. After initializing the data loader, the hyper-parameters are tuned.
Note that input_ size is the same as the number of features. The hyper-parameters
are

e input_size = 18

e hidden size = 32

e num_ layers = 1

e output_size = 3

e learning rate = 0.001

e num_ epochs = 20

e sequence_length = 2097

When the hyper-parameters have been chosen the data is loaded batch by batch
for training. Each batch is then processed by the model until the whole dataset
has been processed, which corresponds to finishing one epoch. When the specified
number of epochs has been run, the model is fully trained. The algorithm used for
the GRU model is presented in Algorithm 1.
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Algorithm 1 Training a GRU model.

1: Inputs: X (training data), y (target labels), num_epochs, batch _size,

learning rate

X, y shape (num__sequences, num__features, num__samples)

Outputs: Trained GRU model

model < initialize GRU model

optimizer < initialize optimizer (Adam)

loss__function < initialize loss function (CrossEntropyLoss)

for epoch = 1 to num__epochs do

for batch_ X, batch_y in dataset do

output <— model(batch__X) > Forward Pass
loss < loss__function(output, batch_y) > Compute Loss
optimizer.zero_ grad() > Reset Gradients
loss.backward|() > Backward Pass
optimizer.step() > Optimize Model Parameters

e T T
e A

print("Epoch:", epoch, "Loss:", loss) > Log training progress
: Return trained GRU model

—_
ot
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The Perceptron model is trained on non-sequence data and thus it has one less
dimension compared to the deep learning models. In this case each sample is treated
as an image rather than a sequence of windows and n features are calculated per
sample instead of n x num_windows. When training the perceptron model the
entire dataset is loaded and kept in memory before the training phase. The hyper-
parameters are:

e num_classes=3

e num_features=18

e max_iter=500
num__classes refers to the number of classes that the classifier can classify the data
into. num_features is the number of extracted features and max iter is the number
of allowed training epochs before stopping. The model architecture represented in
pseudo-code is

Input variables

N — number of samples d — number of features
X — training data [N, d] y — true class label [N, 1]
num,__classes — number of classes 1 — learning rate

max__iter — max number of epochs

Algorithm 2 Multiclass Averaging Perceptron.

1: X < add a bias column of 1’s to X

2: W <« initialize weights as zeros of shape [num_ classes, d+1]
3: W, < initialize cumulative weights as zeros of the same shape as W
4: total_updates < 0

5: repeat maz__iter times

6: fori=0toN-1do

7: x; < input vector for the i-th sample

8: y; < true class label for the i-th sample

9: scores < W - x;
10: J; + argmax(scores)

11: if §; # y; then

12: Update weights:

13: Wy, < Wy, +n-2;
14: ng — ng —nN-x;
15: Update cumulative weights:

16: We+—W.+W

17: total__updates < total updates + 1

18: if total updates > 0 then

19: W —We

total__updates
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Lastly, the SVM model can be trained both with or without windowing the data.
In either case, the data is loaded just like in the perceptron case, or loaded fully into
memory before training. In this case, the validation data are not used since the built-
in scikit SVM function does not have an option to include it. As just mentioned,
a built-in model function is used for training. The function is especially made for
support vector machine classification and a few hyper-parameters are required and
an example of such a configuration is

o kernel = "poly"

e C=1

o v = "auto'
The kernel parameter decides which type of data divisor should be used. "Linear
classifies data utilizing dividing linear planes while "poly" utilizes polynomials for
data division. C controls the trade-off between model complexity and over-fitting.
7 decides the curvature of the decision boundary and 1/(num_ featuresx X.var()) is
the value which v is set to when auto is applied. There are many different types of
kernels that can be used to divide the feature space, but in this case the main three
investigated types are poly, RBF and linear kernels. Furthermore, varying these
three kernels together with the windows/no windows variable a total of six models
are trained as variations of the SVM. These models being

e no windows - linear kernel

e no windows - polynomial kernel
e no windows - RBF kernel

o windows - linear kernel

o windows - polynomial kernel

o windows - RBF kernel

Algorithm 3 support vector machine.

X < input feature matrix
y < true class labels
X <« scale features (optional)
model < SVC(kernel="rbf’, C, gamma) (initialize the model)
Training Phase
for iteration = 1 to max_iter do
formulate the dual optimization problem
use Lagrange multipliers to maximize margin
apply kernel trick for non-linear data
W <« update weights based on support vectors

: model. fit(X,y) (train the model)

: Prediction Phase

. Xiest < input test feature matrix

. predictions <— model.predict(Xiesy) (make predictions)
: Evaluation

. accuracy <— evaluate accuracy with true labels

: print("Model Accuracy:", accuracy)

H
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3.6.2 Training of the Force Prediction models

The force prediction models are trained in almost the same way as the classifier
models but with different hyper-parameters and some tweaks to the data augmen-
tation. The first window-based model referred to in Section 3.4.3 has 7121 weights
in the network and an allowed error of 5%. The included features are positions,
velocities, accelerations, window forces, the window force derivative, and the last
force in the window. The hyper-parameters are:

e input_size = 18

e hidden size = 40

e num_ layers = 1

e output_size =1

e learning rate = 0.001

e num_ epochs = 14

e sequence_length = 250

The second model predicted a full window of length 250, and the total length
of each sample is 5247 data points. In addition, the batch size is set to 128. The
model has 17210 weights in total which results in a large model. Furthermore, the
included features are the positions, velocities, and accelerations of the tool along
with the forces in the chosen window. The last force in the window is also included
as a feature to emphasize the importance of the most recent value compared to other
values in the time series. The hyper-parameters are:

e input_size = 17

e hidden size = 40

e num_ layers = 1

e output_size = 250

e learning rate = 0.001

e num_ epochs = 25

e sequence_length = 250

The third model, which does not include windows, has a batch size of 128, 7001
weights. The model has 17 features which are the tool positions, velocities, accel-
erations, the force data, and the derivative of the force data. and the following
hyper-parameters:

e input_size = 17

e hidden size = 40

e num_ layers = 1

e output_size =1

e learning rate = 0.001

e num_ epochs = 9

e sequence length = 5247

The fourth model has a total of 221967 weights and only considers the position,
velocity, acceleration, and particle type during training. These result in a total of
16 features.

e input_size = 16

e hidden size = 40

e num_ layers = 1

o output_size = 5247
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e learning rate = 0.001

e num_ epochs = 20

e sequence_length = 5247

Lastly, the modified perceptron, also referred to as a regression model, has the
same parameters as the fourth GRU model.

3.7 Evaluation Metrics

All the model performances are measured using various methods. As expected, the
test accuracy is computed to see how each model performs on the test dataset. In
addition, the training and validation accuracies are computed for each epoch dur-
ing training, which makes over-fitting more easily detectable for all models except
SVM which does not allow for validation data. Over-fitted models often have a
significantly higher training accuracy compared to validation accuracy. This is be-
cause the model is good at predicting based on the known training data, but is
lacking when trying to classify unseen data. Other than that, a confusion matrix
is computed which shows which classes are more likely to be confused with each
other. In the force prediction case the accuracy cannot be computed as easily as
in the classification case. In this case, a margin of error is selected and the models
is deemed successful in its prediction if the predicted value falls within the selected
margin. The margin is chosen to be 5% for all prediction models. Note that the
choice of allowed error does not affect the model itself during training but it affects
the training accuracy convergence. Other than that, the experimental data is used
for evaluation and is compared to both the simulated and Al-generated forces in the
force prediction case.

3.8 Ethical Considerations

The ethical implications of the project should also be taken into consideration. One
observation is that projects involving data should be as transparent as possible with
how the data is recorded and what it is used for. This ensures people’s privacy
and although no one is recorded during the collecting of samples, other problems
could arise if someone else decided take inspiration from this thesis. For example, a
company might decide to save the sound data while an excavator with an attached
microphone is running. Such excavators could be put into public spaces and record
humans without their knowledge. This could be considered a breach in privacy and
it might lower people’s perceived freedom. Also, biases in data should be clearly
presented as to not purposely skew any interpretations. Other than these ethical
aspects, it is also important that the sampling equipment does not harm people or
animals. While collecting this data it is important that it is done in a safe and
supervised manner. Thankfully, I have undergone a course in how to run the robot
safely and a safety area should be set up around the robot before collecting data.
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Results

This chapter presents the results of the trained models. First, the particle classifi-
cation models are presented by showing their learning curves and their tendency to
confuse particles during classification tasks. Next, the force prediction model results
are shown and these consist of two window-based GRU models, one non-window-
based GRU model but with force derivatives as input, the other GRU model with
positions and particle types as input, and a regression model with the same input
as the previous model. Lastly, the simulation data generated with the Demify®
software is compared to both the Al-generated data and the experimental data.
This highlights the models’ strengths and weaknesses in replicating empirical force
behaviors.

4.1 Particle Classification

In the following section, the results from the black box and glass box classification
models are presented.

4.1.1 Deep Learning Model

The first model to be evaluated was the GRU meant to classify the three particle
shapes based on sound and force data. The training and validation accuracy conver-
gence appear in Figure 4.1 where the percentage of correctly guessed particle types is
displayed on the y-axis. The y-axis displays the number of epochs, where one epoch
means that the model has processed and made predictions on the whole dataset one
time. As can be observed in the figure, the model starts to converge after around
ten epochs. Furthermore, the validation and training accuracies increase similarly,
which does not point to any direct instabilities or over-fitting. The model managed
to converge to a final training and validation accuracy of approximately 91%. The
final test accuracy reached 91% as well, but is not shown in the plot. In conclusion,
this model shows promise and is mostly successful in predicting particle types. The
training time was around three hours when run on an RTX 3060 Ti.
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Classification GRU Accuracy

el
=]
I

f”'
-

Accuracy [%)]
D ~J o
jan} S o
1 1 1
=\

(S}
=}
I
~

B~
S
I
<

---- train accuracies

________ / val accuracies

30 T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Epoch

Figure 4.1: Classification GRU accuracy during training.
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Figure 4.2: Classification GRU confusion matrix.

The matrix in Figure 4.2 shows the three possible classes, namely cylinders,
prisms and spheres and how the model confuses the types with each other dur-
ing particle type classifications. The x-axis represents the particle type predicted by
the model, while the y-axis represents the actual particle types. Each value in the
matrix corresponds to a single prediction and high values on the diagonal implies
that the model is able to make accurate predictions. Furthermore, the confusion
matrix itself is generated based on the test dataset, which does not share data with
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either the training or the validation dataset. In this particular case, the values ap-
pear to be high on the diagonal compared to other positions. The greatest confusion
appears between the prism and the sphere shape as 59 samples were incorrectly clas-
sified as spheres instead of prisms. A similar confusion occurs the other way around
as well. In conclusion, this confusion matrix indicates a low confusion between the
particle types. This helps in validating the GRU prediction model and shows that
the model itself is successful in making correct predictions based on sound and force
data, even when the data is unseen.

4.1.2 Interpretable Model

Figure 4.3 illustrates the training and validation accuracies of the perceptron model
designed for particle classification. The x-axis shows the epoch in training, while
the y-axis displays the achieved accuracy at each epoch. It is observed that the
training accuracy converges to around 87% while the validation accuracy achieves
a greater final accuracy of 99%. This difference in convergence is likely due to the
augmentations applied to the training dataset. The training dataset was modified to
be more generalizing than the original data, but the validation and training datasets
were only normalized. Consequently, it should be easier for the model to classify
the particles in the validation set since the data lacks distortions. The perceptron
model itself managed to converge after approximately 500 epochs, which required a
training time under 30 min. After training, the model was tested on an independent
test dataset, which was classified with an accuracy of 99.53%.
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Figure 4.3: Training and validation accuracy during perceptron training.
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In Figure 4.4 a heat map of the perceptron model parameters is shown. This
heat map shows the classes, O-cylinders, 1-prisms, 2-spheres, on the y-axis. The
x-axis displays each of the features given to the model during training. As for the
interpretation, the light to dark color scale represents how large the impact of a
certain feature is on each class. Furthermore, the feature with the largest impact
for each particle type is circled in blue, e.g, feature 3 contributes the most to the
correct classification of the spheres. As mentioned previously, the first 13 features
are MFCC and related to audio, while the remaining features include information
about the forces.
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Figure 4.4: Perceptron Heat Map.

The confusion of the perceptron model appears in Figure 4.5 and since this is
also evaluated on the test set, it was observed that the model achieved a high accu-
racy just like indicated in Figure 4.3. This is shown by the strong diagonal of the
confusion matrix. The SVM model was trained with three different kernel types,
Linear, Polynomial or a Radial Basis Function (RBF), as well as with windowing
or not. This resulted in six different variations of the SVM model. Since the SVM
lacks the same training functionality as a neural network, an epochs-based training
accuracy could not be utilized. In Table 4.1 the final results from the SVM training
are displayed.

Table 4.1 includes the achieved accuracies when feeding the training dataset to
the SVM. As an example a linear kernel that utilizes windowed input data achieved
an accuracy of 96%. The cases where no windows were used produced better results,
as the model was able to achieve a perfect classification score no matter which ker-
nel was chosen. Furthermore, the optimal kernel and input format according to the
test accuracy is the exclusion of windows and with no preference towards a kernel
type. Next, Table 4.1 also contains the training accuracies for all case combinations,
and it is observed that the accuracy achieved from the training set is slightly lower
compared to that of the test set.
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Figure 4.5: Perceptron Confusion Matrix.

Finally, a 5-fold cross-validation was performed. The model was trained five
times, but with different parts of the training set each time, which would make the
model more robust especially when the dataset is quite small. Again, this method is
also a way of validating the reliability of the single training case in Table 4.1. Both
the linear and polynomial kernels appear as good candidates for classifying the data
when five-fold cross-validation is applied. Perhaps the greatest observation of all
for this model is that the introduction of windowing confused the model instead of
making it more certain. What appeared to be a model of almost 100% certainty was
actually on average between 70-80% and the high accuracy was more case specific
than it first appeared.

In addition to the model results themselves, an evaluation of the data separability
was conducted. The first step to doing this was taking the augmented input data,
and reducing its dimension from a high number to two dimensions using different
methods. The first method, shown in Figure 4.6, uses the principal component
analysis (PCA), which aims to capture the directions with the most variance in the
data. The values on the x-axis capture the largest possible variance, or spread, in
the data. The values on the y-axis capture the next largest variance, orthogonal
to the first. Furthermore, the PCA is an unsupervised method and no classes are
pre-defined before the analysis is done. Since this method shows similar data as
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Table 4.1: Model Accuracy Comparison.

Linear | Polynomial | RBF

Test Accuracy Windowing 0.97 0.97 1.00

No Windowing | 1.00 1.00 1.00

Final Train Accuracy Windowing 1.00 1.00 0.33
No Windowing | 0.95 0.96 0.88

5-Fold Cross-validation Windowing 0.79 0.71 0.37
No Windowing | 0.95 0.96 0.81

clusters the conclusion is that according to this analysis, there is some natural
separation in the data. The second method, shown in Figure 4.6 to the right, uses
the linear discriminant analysis (LDA). This analysis method aims to maximize the
separation between different known classes while minimizing the variance within
each class. The Figure clearly shows that the data can be separated, which should
make it close to, or fully linearly separable. This confirms why the simple models,
such as the perceptron, are doing well with the classification. If the data had not
been linearly separable, the models would likely have been less successful.
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Figure 4.6: PCA and LDA plots with K-means clustering.
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4.2 Force Prediction

The following section presents the results from the force prediction models, including
four black box models and one glass box model for a final comparison.

4.2.1 Deep Learning Models

The force prediction model was, as mentioned, trained in four different ways. Again,
they were trained with different input and output data types and shapes. These were
the use of windows while predicting a single value at a time, the use of windows
while predicting a series, the use of all input data up to a certain time step while
predicting a single value, and a regression model predicting the full series at once.
Out of the four, the training accuracy of the first method appears in Figure 4.7.
The x-axis shows the training epochs, while the y-axis displays the accuracy in a
percentage of all samples in the dataset. This accuracy refers to the predicted value
or values being within a certain margin of error of the actual value. For most of the
models, this allowed error is set to 5%. Both the training and validation accuracies
converge after around 12 epochs and does so slightly under 90%. There is no direct
indication of over-fitting present as none of the curves diverge from the other or
show any unexpected behaviors.
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Figure 4.7: GRU model training one step forward prediction with windows 5%
allowed error.
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Even though the first model is able to output predicted values at a reasonable
accuracy, the model was not able to handle the data when it was fed back in a
closed loop. The full force was to be generated using an iterative method where the
newly predicted force value should be included in the model input to predict the
force in the next time step. Thus, the predicted forces became extremely volatile
as shown in Figure 4.7. The cause of this behavior can be debated, but in theory,
if the previously predicted values are good enough to be recognized by the model
then the predicted forces could be more accurate. This could simply indicate that
the model itself must achieve a better one step accuracy before it can be used in a
feedback loop. The Mean-Square Error (MSE) of the prediction was 1549 for the
first model.

Moving on to the second model, both its training accuracy and predicted forces
appear in Figure 4.8. The model itself was trained to predict more than one value at
a time, but only the first predicted value was fed back into the model. Supposedly,
this was meant to give better results as the model has more knowledge of the future
forces. In the upper figure, the accuracy during training can be observed and the
model could only converge to an accuracy of just under 60% with an allowed error of
5%. This accuracy is low compared to the previous model but still produces better
results than what was achieved by the one-step prediction model in Figure 4.7.
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Figure 4.8: GRU model training gaze forward prediction with windows 5% allowed
error.
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The lower plot in Figure 4.8 shows the generated force from the prediction start
time, which was at around three seconds. The predicted force does not diverge from
the true force, however it could not predict the data peaks. Additionally, the MSE
lies at around 340, which is still too high for the model to be considered successful
since the average error is around 20N. Lastly, the gaze model managed to avoid
high-frequency data fluctuations which were present in the one-step model.

The third model results are presented in Figure 4.9. The upper plot shows that
the model converged to an accuracy of about 3 %, which indicates that the model
failed to learn the patterns of the training data. Thus, the lower plot becomes
redundant in this case, but is still shown for completeness.
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Figure 4.9: GRU model without windowing with one-step prediction.

The results from the fourth deep learning model, which is a simplified method
compared to the three previous methods, appear in Figure 4.10. The top left plot
shows the mean square error, which decreases with each epoch. This decrease is
desired as it means that the model manages to minimize the model error. Addition-
ally, the other plots show the model’s actual performance when generating forces.
The difference between the three force plots is that they each correspond to a sep-
arate particle type. As an example the top right plot shows the generated forces
when handling cylinders. From all these plots it appears that the model manages to
vaguely follow the trend of the experimental data. However, the model acts conser-
vatively and smooths out the peaks, likely because staying close to the force mean
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value minimizes the error more than making a large jump would do. Simply put, the
model avoids large value jumps as it risks increasing the error significantly. Lastly, it
is observed that the prism case seems to generate the most accurate result in terms
of peak matching. The sphere case is shown to have the lowest error of 29. Thus,
the question of which of these two results is better arises.
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Figure 4.10: GRU model training and generated forces.

4.2.2 Interpretable Model

The interpretable models used for force prediction ended up applying the same in-
put data as the deep learning model in Figure 4.10. The reason behind this is that
the other models could not produce output forces that were able to mimic the true
forces. Essentially, they were deemed inadequate and were not evaluated further in
this project, also because of the time constraint of the project.

The perceptron model appears in Figure 4.11. The figure displays the model’s
training performance on the top left. In this case, the model tries to minimize the
mean square error between the generated graph and the experimental data. The
other three plots show the predicted forces plotted alongside the experimental forces.
Each plot also corresponds to how the model tries to predict the resulting forces
based on the particle type. As stated in the methods chapter, the inputs to this
model were the particle types as well as the positions, velocities, and accelerations
for the full time-series.
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Validation and Training Losses Generated Cylinders Forces
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Figure 4.11: Regression model training and generated forces.

The best-performing models for particle classification and force prediction were
the following. For particle classification, the GRU model achieved a test accuracy
of 91%, with minimal confusion between particle types. The perceptron model
predicted the particle shapes almost perfectly, reaching an accuracy of 99.53%,
while providing clear visualizations of feature importance. The SVM models also
showed strong results, particularly with linear and polynomial kernels, achieving
near-perfect accuracy when windowing was not applied. For force prediction, the
GRU models again stood out. The single-step windowed GRU model reached 90%
accuracy but struggled when generating forces through the feedback method. The
multi-step windowed GRU model had lower accuracy at 60%, though it generated
smoother predictions with poor peak matching. The windowless GRU model demon-
strated the best performance in capturing force trends, despite its conservative peak
estimates. The perceptron model also showed promise in force prediction, deliver-
ing performance comparable to the GRU models while maintaining interpretability.
However, the perceptron model lost the likeness to how forces are simulated in
Demify® due to its lack of a feedback loop. In summary, the GRU models excelled
in both classification and force prediction, with the perceptron model providing
valuable insights into feature contributions.
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4.3 Simulation Results

This section presents data that were generated using DEM simulations. The main
purpose of this data is to enable deeper and more reliable evaluations of the force
models’ performances. In Figure 4.12 all of the simulated forces are plotted in the
upper figure. The dashed line represents the force mean at each time step while
the red area represents the standard deviation of the data. Finally, the purple area
simply represents the largest sample force value found at each time step. Further-
more, both plots include all data points available. However, the simulation plot
consists of much fewer samples compared to the experimental plot which consists
of approximately 10 000 samples. The reason for this is that each simulated force
was generated with different friction parameters. This was done simply because the
real-world friction between particles as well as the friction between particles and
the tool are unknown. Consequently, two variables were considered while generat-
ing the simulated forces. These variables are pp or particle-particle friction and pt,
particle-tool, and friction.
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Figure 4.12: Distribution of Simulated and Experimental Data Over All Particle

Shapes.
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Figure 4.13 only includes data belonging to a certain particle shape. In this case,
only prism samples are considered for both simulation and experimental data. The
three marked points are the mean values of the maximum peak forces calculated
from the experimental data. The blue graphs are the simulated forces for the prism
shaped particles. Considering the friction values, an observation is that the pp
friction seems to be the dominating variable.
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Figure 4.13: Simulated Data with Varying Friction and Mean Peak Values.

All of the simulated data was generated using frictions ranging from 0.3 to 0.8 with
intermediate steps of 0.05. Another observation is that the simulated forces appear
to spike earlier than the experimental forces. This might seem strange considering
that the robot path in question is directly imported to Demify® from the robot
itself. However, this is likely because the robot has to pause in between runs so that
the audio is saved for each sample before starting the next run. This could also be
caused by the varying speed of the experiments since the simulations are based on
a single selected speed. Only having the robot path does not take this delay time
into consideration.
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Demify Simulated Forces vs Al-generated Forces
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Figure 4.14: Simulated and Al-Generated Data Comparison.

In Figure 4.14 the Demify simulated forces are plotted along with three Al-
generated force predictions. These force predictions are the same three found in
4.11 with each one of them corresponding to a single particle sample. The Al-
generated forces are slightly delayed compared to the simulated forces but follow the
same trend in spike magnitudes. Another observation is that the generated forces
seem to match the mean values found in the parameter study for the simulated
data well. Although the first spike seems to produce a larger max value in the
Al-generated data compared to the simulated data. Overall, the generated data
resembles the experimental data, which is expected since they were trained on that
data. Furthermore, this also means that the generated data displays the same flaws
as the experimental data e.g., not starting at zero force and time delays.
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Discussion

5.1 Interpretation

5.1.1 Particle Classification

In the case of particle classification, the interpretable models outperformed the more
complex deep-learning models. This might be because the data is close to or is lin-
early separable as observed in Figure 4.6. Therefore, it should be easily classified by
data division done by hyperplanes, like the SVM, or by linear models like the per-
ceptron. The high number of weights in the GRU-network could instead introduce
over-fitting or a too high complexity to converge smoothly.

The SVM produced mostly good results regardless of which kernel combination
was utilized, with the exception of the RBF kernel. When it comes to the degree of
model interpretability, the kernel largely determined how easily the model parame-
ters can be understood. The linear kernel was the most interpretable and comparable
to the perceptron, which had the same number of parameters. Next, the polyno-
mial kernel introduces some non-linearity which is harder to interpret. However,
the polynomial boundary can still be plotted in a reduced 2D space, which makes
it more interpretable than a typical black box model. Lastly, the RBF kernel could
not be considered a truly interpretable model because of its high dimensionality.

The GRU model showed promising results and the accuracy convergence during
training was relatively stable. Furthermore, the model did not seem to become over-
fitted to the data since both the training and validation accuracy increased at the
same rate. As mentioned, the training time was a limiting factor, but the model
still converged. Thus, more training time might not necessarily improve the model.

In order of most to least successful classification model comes the perceptron (99-
100%), the polynomial SVM (96%), the linear SVM (95%), and the GRU (91%).
Both the perceptron and linear SVM are linear classifiers that are preferably used
with linearly separable data. Since both these models achieved good results, it
suggests that the data is linearly separable. This makes more complex models un-
necessary as they provide little to no improvement in exchange for longer training
times. Although the perceptron showed a high accuracy, it was not higher than
the initial test accuracies achieved by the SVMs before the five-fold cross validation
was performed. This suggests that the perceptron too should be trained using folds
before deciding which model performs better. Among the SVM models, the linear
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kernel is likely a better choice than the polynomial, simply because of the added
interpretability compared to the slight accuracy decrease. This is because, model
interpretability provides valuable insights that enable a more confident and reliable
evaluation of the model’s performance.

Based on the previous reasoning, the best performing model would either be the
linear SVM or perceptron, but more research is required to determine which model
truly performs best for the task. The two models are similar and share the same
number of features. However, they differ significantly in their approaches. The
perceptron aims to minimize a classification error by adjusting weights based on
misclassified examples, whereas the linear SVM tries to maximize the margin be-
tween classes using a predefined boundary shape. Additionally, the perceptron is
more sensitive to outliers and may fail to converge if the data is not perfectly separa-
ble, while the linear SVM is more robust due to its soft margin approach. However,
the SVM required a longer training time compared to that of the perceptron as
the data could not be loaded dynamically. Instead, the whole dataset had to be
loaded into memory before training, which added additional time. Furthermore, it
is worth noting that the overall performance during the training process of the SVM
was much more difficult to track due to the lack of epochs-based training. Some
strengths of the SVM results were the following.

e The linear and polynomial SVMs have high training accuracies even when

trained with five folds.

o The five-folds reduce bias towards a specific subset of the dataset, making the

results more reliable.

e The linear kernel SVM has the same number of extractible weights as the

perceptron.

As mentioned, the interpretable models were the best performing, which is quite
surprising considering that deep networks are often the first attempt at a solution to
be applied to problems. This proves that there are cases where simpler models can
outperform more complex models. Therefore, it would be good practice to consider
testing simpler methods before turning to deep networks in cases where problem
complexity is uncertain or known to be low. The training time and interpretability
of a simple network are valuable and it is a waste to discard such helpful features
lightly. As an example of training time differences, the perceptron was able to train
for 500 epochs in 30 minutes while the GRU network could take anywhere from 1-3
hours to run ten epochs. The SVM would take less time than the GRU network,
but more time than the perceptron depending on the selected kernel.

5.1.2 Force Prediction

In the force prediction case, one of the main tasks was to compare Al-generated
forces to simulated forces as a form of model validation. Both methods also had
to cover the same loading scenario. Furthermore, the AI method was meant to
mimic the DEM-based way of simulating forces, i.e. predicting the forces dynami-
cally for each time step. This, however, was more difficult than expected because
the feedback-based models did poorly even though they produced high accuracy
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results in one time step forward predictions. Although this was the case, the models
did not seem to diverge, although they still showed little to no pattern recognition.
This behavior suggests that the forces, which were fed back into the model, were
too different compared to the true force, thus the model was unable to predict the
forces properly. In contrast to the expectations, the window-based models increased
the uncertainty in the predictions and did not increase the accuracy at all. This led
to a decision to exclude windows in the models that had not yet been trained, i.e.
models three and four. The windows were replaced with the whole data series up to
a chosen time step. This was the case for the third GRU model.

Another concern arose regarding the selected features that were used as input
data. The problem with these features was that they also had to be updated in each
loop. The input data fed back into the network consisted of features such as the
mean force, slope of the window and frequency related features. This update likely
only confused the model, which led to the decision to exclude these features. The
only utilized data thereafter were forces and position-related data, and this was an
issue only in Figure 4.7 and Figure 4.8.

The third model, seen in Figure 4.9, proved to be more stable than the two
window-based models, however, with the drawback that the force peaks were not
properly predicted. The derivative of the force data was added as an input feature to
this model, which aided stabilization in the prediction results. However, the model
still used feedback as a way to generate a full-force series. Now, most of the pre-
viously mentioned model configurations could not be considered greatly successful.
It is possible that this method of feedback-based data generation could work either
with a different set of input features or with a different network altogether. As it
stands, the results suggest that the feedback-based data generation was no suitable
method for this specific application.

The fourth model was the most successful out of all GRU models for force pre-
diction, but with a trade-off. The model can be considered simpler compared to
the other models, and loses the dynamic feature that the other GRU models had.
The model essentially works as a more complex curve fit which can adapt based
on position and particle type data. However, one of the larger drawbacks with this
model is that it must be given positions, velocities, and accelerations for all time
steps. A concern is of course that both the feedback and the input and output for-
mat was changed at the same time, making it hard to know what exactly is making
the model produce better results. This should probably be investigated by testing a
GRU model with the model two inputs while doing full predictions. Another model
should also be evaluated, which uses the fourth model’s inputs while also generat-
ing forces using a loop. Because the fourth model was the best performing out of
the four GRU models, a glass box model was made using the same input data format.

The glass box model, which was perceptron-based just like in the classification
case, showed great results. The mean square error was, overall very low in the per-
ceptron case compared to many of the GRU cases. The outcome is in line with the
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expectations since regression models are commonly applied to curve fitting tasks.
The perceptron has been transformed into a regression model by making it predict
a time series instead of classes and by continuing to exclude the use of an activation
function. Regression models are commonly used for curve-fitting tasks after all.

In conclusion, the best-performing model in this case was the perceptron. There
is still much potential for improvement, and perhaps a fully data-driven approach
is not the most suitable for the task considered in this project. Instead, it might be
better to focus on a combination of data and equations in the models, for example
through a physics-informed neural network, or even introduce some other aspects
of interpretability. Although the more complex models showed relatively low accu-
racies, they performed well for one-step predictions, however, they failed to make
accurate predictions once in the feedback loop. The particle type could possibly
have been included in the earlier models, but was excluded since the possibility was
realized too far into the project.

5.2 A Comparison between Simulations, Experi-
ments, and Machine Learning models

The larger aim of this section is to compare the final performance of both sim-
ulations, experiments, and the best-performing AI model. Mainly, the goal is to
answer how well the Al-generated force predictions compare to the Demify® sim-
ulated forces. The answer is that they are largely similar, both appearing to have
force peaks of around 100 N and mostly at the same time. The large max peaks
in the simulated data observed in Figure 4.12 are largely due to the varying fric-
tion parameters. In reality, and as in the case of the experimental and Al-generated
forces, the peaks should form consistently at the very least under 150 N in real-world
scenarios. This means that some of the frictions used in the simulations were too
high to accurately describe the experimental data. Another difference between the
Al-generated and simulated data is that the generated data does not start at zero.
This is likely because the experimental data includes the gravitational force from
the bucket attachment at the end of the robot arm.

Next, some aspects of the experimental data should be discussed. First, the data
shows some variations in force peak placement, which is largely due to there being
three particle types and that the robot execution speed was adjusted for each run.
However, one might argue that the data is still very case specific and bound to
a specific robot path. This is something that needs to be considered as a future
improvement where the addition of more diverse cases would benefit the model’s
adaptability.

Another comparison to be made is between the simulated and Al-generated data.
Both of these were plotted in Figure 4.14. From the plot, it is clear that the re-
gression based force prediction closely matches the simulated force prediction. The
peaks of the Al-generated data are mostly inside of the simulation standard devia-
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tion. However, it is unlikely that the regression model would generate values close
to the max values of the simulated data. The conclusion, which also answers one
of the main questions of the project, is that both force predictions are very similar.
However, the choice of friction in Demify® does affect the final results significantly.
In conclusion, the regression Al-model predictions show very similar results to that
of the DEM-based simulation software.

5.3 Further Improvement

Although many topics were covered in this project, there is always room for im-
provement. General recommendations for such improvements are presented in this
section. First, the data collection itself could be made more efficient, and it would be
beneficial to see if ROS can be used for this application instead of the universal robots
real-time data exchange (RTDE) extension. Using RTDE is still sufficient, but ROS
could be beneficial due to ist many integrated packages and extensive knowledge
base. This could be worth exploring. The reason for ROS being excluded was that
RTDE was simple to set up and required little additional knowledge like ROS does.

Next, the particle classification case could be evaluated further using the five-fold
method to train the perceptron as well as neither the SVM nor the perceptron could
be considered better for the task.

Secondly, the dataset could benefit from more variation as it lacks both the use
of different paths and scenarios. Paths refer to the use of the same rig but with
varying robot movement and goal positions, while different scenarios refer to the
use of different rigs. This is mainly to increase the robustness of the AI-models and
make them more adaptable to different real-world scenarios.

Next, a different force prediction model could be used. The initial models were
not very successful, while the chosen model lacked complexity and the desired way
of handling the data. Perhaps a transformer or simply a change in the input data
format may be helpful. The fourth model should be evaluated more by also testing
it with a feedback loop. Other than that, interpretable models were helpful in this
project. Perhaps a combination of Al and an equations-based solution could help
the model learn and generate real-time force predictions better.

Lastly, since the simulation results have been shown to be able to represent the
experimental data quite well, this data could possibly be used to extend the dataset.
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Conclusion and Future Work

The machine learning model, specifically, the perceptron-based regression model,
produced force predictions that closely mirrored those simulated by DEM. The Al-
generated forces and the DEM forces displayed similar force peaks and trends, vali-
dating the model’s accuracy. However, the choice of friction parameters in the DEM
simulations significantly influenced the results. Additionally, the Al-generated data
showed consistent force trends, but did not start from an initial force value of zero,
likely due to how the data was collected from the robot.

In the classification task, simpler models, namely the linear SVM and perceptron,
outperformed more complex deep learning models. The perceptron in particular
achieved the highest accuracy, which was close to 100%. Both the perceptron and
linear SVM worked well with the linearly separable data, suggesting that complex
models are not necessary for this task. This, however, should not take away from the
fact that the deep model still managed to achieve a high accuracy, but at the cost
of training time. The choice of model ultimately depended on the balance between
performance and interpretability.

In both classification and force prediction, interpretable models like the linear
SVM and perceptron outperformed deep neural networks to a certain degree. While
the force prediction deep learning models showed potential during training, they
struggled when trying to generate accurate dynamic predictions in force prediction
tasks. In contrast, the perceptron-based regression model was the most successful for
force prediction, capturing force trends effectively and demonstrating the advantage
of simpler, interpretable models. These findings emphasize that simpler models can
outperform more complex ones when the problem’s complexity is low, highlighting
the value of interpretability in model evaluation and real-time applications.

Although the project achieved promising results, there are areas for improve-
ment. Enhancing the data collection process, incorporating more diverse scenarios,
and experimenting with alternative force prediction models, such as transformers,
could optimize the models’ performance. A combination of data-driven methods
and equation-based solutions might offer better results in real-time force prediction.
Additionally, making use of the simulated data to extend the dataset could further
enhance the models’ adaptability and prevent over-fitting.
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