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Abstract

This research derives and evaluates a novel machine learning architecture called the
Virtual Programmable Logic Device (VPLD), and if the VPLD can become a competitor
to the Artificial Neural Network (ANN) when evolved for applications in robotic control
and pattern recognition. The VPLD is based on the architecture of a programmable logic
device but is coded in software rather than in hardware. This allows the VPLD to be run
on CPU based platforms including standard PCs, mobile phones and ARM based
embedded systems such as the Raspberry Pi. The operation of the VPLD can be
configured and optimised using evolutionary algorithms. The VPLD is inspired by
previous Evolvable Hardware architectures evolved for applications such as robotic
control. In the Evolvable Hardware domain electronic circuits are evolved on

programmable logic devices such as the field programmable gate array (FPGA).

The VPLD is investigated in two fields: 1) evolutionary robotics where the gait control
of a hexapod robot and the autonomous navigation of a two-wheel drive mobile robot is
examined; and 2) in pattern recognition where character recognition, and melanoma
classification are evaluated. In both application domains two types of VPLD are
investigated, the first is the digital VPLD (D-VPLD) which mimics the PLD binary
variables and digital logic, the second is the floating-point VPLD (F-VPLD) which uses
floating-point variables and mathematical functions. The floating-point variables are

complex to implement in hardware on a FPGA.

In the gait control of a hexapod, a evolvable hardware implementation is designed to
validate the VPLD architecture. In this validation it is demonstrated that the VPLD
compared to the evolvable hardware for robotic control is faster to evolve, as well as

simpler and cheaper to implement.

To assess the VPLDs controller and classifier performance it is benchmarked against
an ANN. The VPLD and ANN are evolved for the robotic control and pattern recognition
problems using the same evolutionary algorithm. The results of the experiments show the
VPLD is a viable alternative to the ANN in both robotic control and pattern recognition
applications as the VPLD could achieve the same, and in some cases better performance

than the ANN.
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Chapter 1

Chapter 1: Introduction

This chapter provides an overview of the thesis, explaining what a virtual
programmable logic device is and how it can be used in robotic control and pattern
recognition. The research questions for this thesis are listed and finally an overview of

the chapters is listed.

1.1. Overview
The focus of this research is the development of a novel machine learning architecture

called the Virtual Programmable Logic Device (VPLD), and to determine if the VPLD
can become a competitor to the Artificial Neural Network (ANN) when evolved for
applications in robotic control and pattern recognition. The VPLD is based on a
programmable logic device (PLD) which uses programmable function elements and
routing between the function elements. However instead of using hardware
reconfigurable digital circuits, the VPLD is the software equivalent of the PLD that can
be executed on a central processing unit (CPU). The aim of the VPLD is to improve on
the speed of optimization for reconfigurable hardware architectures implemented on field
programmable gate arrays (FPGA), while also reducing the complexity and cost of
implementation associated with such architectures. These reconfigurable hardware
architectures are called evolvable hardware (EHW). The EHW and the VPLD share a
similar architecture, but the VPLD is run in software on a processor rather than the EHW
which is implemented as an electronic circuit running on a FPGA. As the EHW is
implemented on a FPGA, this limits the devices it can be deployed on. The VPLD on the
other hand can run on a variety of platforms because it is processor driven, including 1)
a desktop PC, 2) an ARM based embedded system like a Raspberry Pi, and 3) a 32-bit
microcontroller like the ESP32. The function of the VPLD is dynamically configured
using common machine learning optimization algorithms such as genetic algorithms
(GA) from the field of evolutionary computation. As a result of this thesis, a foundation
for the VPLD has been developed, including 1) the implementation of a virtual PLD
architecture in software, 2) methodology for the optimization of the VPLD function, 3) a

mathematical model of the VPLD, and 4) the definition of the VPLD hyperparameters.



The VPLD is investigated in two fields, the first is in evolutionary robotics where the
gait control of a hexapod robot and the autonomous navigation of a two-wheel drive
mobile robot is examined. The second field is in pattern recognition where binary
character recognition and melanoma detection are evaluated. A comparison of the VPLD
and an ANN is conducted for each of these tasks. It was found that for the robotic control
and pattern recognition experiments performed in this research, the performance of the
VPLD is comparable to an ANN.

1.2. Background Information

The EHW are evolvable electronic circuits commonly implemented on a FPGA, but
they have also been implemented on analogue devices using Field Programmable
Analogue Array (FPAA)[1, 2]. The EHW controllers have been evolved for various tasks
using evolutionary algorithms (EA) such as the GA or evolutionary strategies (ES)[1, 2].
The goal of these evolutionary algorithms is to optimize the configuration bitstream
(CBS) used to program the FPGA device[1-3]. Early approaches used FPGA devices
where the CBS could be directly manipulated without the risk of generating
configurations with output-to-output connections that can destroy the FPGA device[4, 5].
This approach is not possible in modern FPGA devices. Therefore, EHW architectures
using fixed input/output connections are implemented on the FPGA fabric[6-9]. EHW
robotic controllers[10-14] have been evolved for tasks such as locomotion control,
autonomous navigation, and robotic manipulators. Outside of robotics EHW architectures
have been evolved for tasks in pattern recognition[15], image processing[16] and fault
tolerant systems[14, 17, 18]. The EHW has several challenges including, 1) the
requirement of expensive custom hardware[15]; 2) the complex hardware descriptive
languages and the multiple development tools required for configuration; and 3) the
process of developing and compiling the EHW designs on these platforms is slow, making
design refactoring a time-consuming practice, slowing down research. The EHW also
has limitations on the complexity of the problems it can solve in robotics, where the
simulation environments used for training have become more sophisticated over time
reducing the ability of on-chip training. For example, systems such as the DE10 Nano
that have embedded ARM processors do not have the computation power required to
efficiently run (if at all) complex simulations. An alternative would be serial
communication with a PC to transfer the trial CBS and return the EHWs outputs
[10].However, the speed of communication between an FPGA system and a PC is

drastically slower compared to an ANN running natively on a PC for example.



Evolutionary algorithms are a series of nature inspired optimization algorithms based
on Charles Darwin’s theories on natural evolution[19], specifically using the concepts of
reproduction whereby new individuals inherit beneficial characteristics from previous
generations, and survival of the fittest ensures individuals with the best genetic
characteristics for the environment survive to reproduce. Evolutionary algorithms such as
the GA, ES, differential evolution (DE), and particle swarm optimisation (PSO) have
been used to optimize ANNs and EHW for a variety of applications.

1.3. Research Objectives
The objective of this research is to: a) develop a new architecture in software as an

improved alternative to the EHW architectures used in evolutionary robotics and pattern
recognition research, focusing on reducing system complexity and cost of
implementation, as well as the speed of evolution in robotics; b) demonstrate the
performance of the new architecture in comparison to evolvable hardware; and c)
demonstrate the performance of the new architecture in comparison to artificial neural
networks. From the outlined challenges in the evolvable hardware field, the following list

of research questions are investigated.

Main Question:

e Can a Virtual Programmable Logic Device be created that could run on a
processor instead of reconfigurable hardware, and how does it compare to an
Artificial Neural Network when evolved for robotic control and pattern
recognition?

To address the main question a set of specific questions are asked:

1. How can a Programmable Logic Device be virtualised in software?

2. How do Virtual Programmable Logic Devices and Evolvable Hardware
compare when evolved for robotic control?

3. How do Virtual Programmable Logic Devices and Artificial Neural Networks
compare when evolved for robotic control?

4. How do Virtual Programmable Logic Devices and Artificial Neural Networks
compare when evolved for pattern recognition?

5. What are the important hyperparameters for the Virtual Programmable Logic

Device?

These questions and the experiments used to evaluate them are detailed in the following
sections.



1.3.1 How can a PLD be virtualised in software?
The VPLD implementation will be investigated in Python. However, most

programming languages including C and C++ could have been used. The overall function
of the VPLD is configured using a configuration bitstream, that defines routing and
functions used(detailed information can be found in Chapter 3). Important parameters are
how quickly the VPLD can evolve, the computer resources required, and propagation
delay (time to feedforward the data from input to output). The propagation delay is
important particularly in robotics as the VPLD has to meet the timing constraints of the
robot, this also impacts pattern recognition tasks that require low latency. The propagation
delay is also important for the optimisation of the VPLD configuration because the VPLD
is executed thousands of times during the fitness assessment, reducing the execution time
of the VPLD, even by a minor amount will accumulate to a decrease in duration of the
optimisation process. The implementation of the VPLD is discussed in Chapter 3, and the

propagation delay of the VPLD is investigated in Chapter 4.

1.3.2 How do VPLDs and EHW compare when evolved for robotic control?
In order to assess the VPLD and EHW in robotic control (Chapter 4), both are evolved

for a robotic locomotion problem, the gait control of a hexapod. This required the
development of a hexapod model, simulation, and a genetic algorithm that could be used
to evolve the VPLD and EHW. The robotic platform uses an off the shelf robot chassis
combined with electronics developed for research in the EHW and evolutionary robotics
fields. Two robotic simulations are developed, the first is a simulation of the hexapods
leg that could run both on a standard PC and an embedded ARM processor in a Cyclone
V FPGA. The same simulation has to be able to run on both platforms to make a fair
comparison. The hexapod leg simulation is used to evolve the VPLD and EHW, a walking
gait can then be produced using the evolved leg gaits utilizing alternate phases for each
of the six legs. The second simulation also modelled on the hexapod platform, is a physics
based simulation developed using PyBullet[20] which employs the Bullet physics engine.
The PyBullet simulation is used to validate and compare the VPLD and EHW controller
performance prior to deployment on the real robot. The VPLD and EHW are compared
based on: 1) evolutionary efficiency; (how many generations and the computation time
required to reach a solution); 2) the controller performance, (the walking ability of the
deployed controllers, i.e. robot trajectory and body attitude); and 3) the propagation delay

between the input and output of the controller.



For evolutionary efficiency, it is expected that the VPLD and EHW will take
approximately the same number of generations to evolve, this is because the VPLD and
EHW share the same architecture and are evolved using the same GA with the same
parameters and crossover/mutation operators. They only differ in their implementation,

one in software the other hardware.

VPLD Evolution

The VPLD is implemented on a PC which is running the robot simulation, the GA,
and the VPLD. For the fitness assessment, the VPLD is configured by the GA with a trial
chromosome, the robot simulation provides input to the VPLD, and the VPLD then
returns the control signals for the given time step, this process continues until the end of

the simulation at which point the fitness is calculated and returned to the GA (Fig. 1-1).
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Fig. 1-1 The VPLD evolutionary algorithm environment for hexapod gait evolution



EHW Evolution

The EHW is implemented on an Altera Cyclone V FPGA (Fig. 1-2), which has an
ARM hard processor. The GA and robot simulation run on the embedded ARM processor,
while the EHW is running in the FPGA fabric. The interface between the ARM processor
and the EHW on the FPGA fabric is the AXI lightweight bridge. This means the trial
chromosome from the GA, and the inputs and outputs from the robotic simulation need

to be transferred via the AXI lightweight bridge.
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Fig. 1-2 The EHW evolutionary algorithm environment for hexapod gait evolution

1.3.3 How do VPLDs and ANNs compare when evolved for robotic control?
ANNS s are used frequently in modern robotics applications. Because of this the ANN

is used in this research as a benchmark to assess the performance of the VPLD. Two
robotic applications are investigated, the first is robotic locomotion where the task is to
evolve the gait of a hexapod robot as described above. The second is to evolve the robotic
controllers for the navigation of a two wheeled mobile robot, for three separate tasks,
obstacle avoidance (OA), light following (LF) and combined obstacle avoidance and light
following (OA-LF). The ANNs weights and biases are evolved using the same GA that

is used to evolve the VPLDs configuration bitstream.



To investigate the robotic navigation problems, the development of a simulation
environment is required that could be used to evolve the VPLD and ANN controllers for
the three tasks. The simulation (Fig. 1-3) is modelled on the dynamics of a physical robot
platform developed at AUT for evolutionary robotics research. The simulation also
required the modelling of the robot’s sensors, six IR proximity sensors, and two light
intensity sensors. Using the simulation a set of arenas are created to evolve the robotic
controllers, and a second set are created to test the evolved controllers. A genetic
algorithm is created to evolve the VPLD and ANN. As with the hexapod problem, the
VPLD and ANN are compared based on evolutionary efficiency, and the controller

performance.

OA Environment LF Environment OA-LF Environment

Fig. 1-3 2WD mobile robot simulation environments used for evolution of the VPLD and ANN robotic
controllers, the figure shows the starting positions and orientation used to evaluate the controllers

The evolution environment used to evolve the VPLD and ANN for the 2WD
autonomous navigation is shown in Fig. 1-4. The GA is used to optimize the VPLD
configuration and the weights/biases of the ANN. The VPLD and ANN controllers are
configured by the GA with an individual’s chromosome. The robot simulation provides
input to the controllers, then the controllers return the control signals for the given time
step, this process continues until the end of the simulation period or if the robot crashes

at which point the fitness is calculated and returned to the GA.
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Fig. 1-4 The EA environment used for autonomous navigation to evolve the VPLD and ANN

1.3.4 How do VPLDs and ANNs compare when evolved for pattern
recognition?
The VPLD is investigated in pattern recognition to see if its ability to evolve for robotic

control tasks is transferable to a different domain. The VPLD is assessed in comparison
to an evolved ANN for two pattern recognition tasks. The first task is evolving the VPLD
and ANN for a multiclass classification of a set of 7x5 binary characters (A-Z). The
second task is the evolution of VPLD and ANN classifiers for melanoma classification,

this is a binary classification of skin lesions as either cancerous or non-cancerous.

Character recognition
The first task evolves the VPLD and ANN for character recognition of a set of 7x5

binary characters (A-Z). This required the development and investigation of VPLD and
ANN architectures suitable for a multiclass classification problem. A GA with an
appropriate fitness function is also developed for the evolution of the two architectures.
Each architecture has 26 outputs, one for each character in the alphabet, for a given input

image the output with the highest activation determines the prediction.



The EA environment used to evolve the VPLD and ANN for the character recognition
problem is shown below (Fig. 1-5). The VPLD and ANN classifiers are configured by the
GA with an individual’s chromosome (CBS for the VPLD, weights & biases for the
ANN). The character recognition program sequentially provides the input images, for
each input image the VPLD/ANN classifiers return a prediction (A-Z). The predictions

are used to calculate the fitness which is returned to the GA.
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Fig. 1-5 The EA environment used for the character recognition problem to evolve the VPLD and
ANN

Melanoma Detection.
The second pattern recognition task is melanoma detection, which is a binary

classification task. The dataset used is the PH2 dataset[21], which is a set of 768x560
pixel dermoscopic images, with images of common nevi (non-cancerous), atypical nevi
(non-cancerous), and melanomas (cancerous). To generate inputs for the VPLD and ANN
a series of features are extracted from the skin lesion images. This required the
development of a feature extraction algorithm which had 3 main steps; 1) preprocessing,
consisting of illumination correction and a hair removal algorithm, 2) segmentation, using
k-means clustering and Otsu thresholding; and 3) the feature extraction, firstly of ABCD
features (Asymmetry, Boarder, Colour, and Diameter), and Harlick features using the

Grey Level Co-Occurrence Matrix.



Along with the feature extraction method VPLD and ANN architectures are designed
which are suitable for the binary classification of melanoma. A GA and associated fitness
function (accuracy of the VPLD and ANN classifiers) are also developed. The EA
environment used to evolve the VPLD and ANN for the melanoma detection is shown
below (Fig. 1-6). The VPLD and ANN classifiers are configured by the GA with an
individual’s chromosome. The melanoma detection program then sequentially provides a
set of features extracted from the training images, for each image in the training data the
VPLD/ANN classifiers return a prediction (cancerous melanoma or non-cancerous
typical/atypical nevi). The predictions are used to calculate the fitness which is returned

to the GA.
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Fig. 1-6 The EA environment used for the melanoma detection to evolve the VPLD and ANN

For both the character recognition and melanoma classification problems, the VPLD
and ANN are compared based on evolutionary efficiency, and the prediction accuracy of

the evolved classifiers.
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1.3.5 What are the important hyperparameters for the VPLD?
Hyperparameters are parameters set by the engineer/developer prior to optimisation of

the VPLDs configuration bitstream. The hyperparameters for the VPLD are: 1) the
number of layers; 2) the number of FABs; and 3) the data type of FAB. For each problem
investigated, gait control of a hexapod, 2WD robot autonomous navigation, character
recognition, and melanoma classification, a set of experiments are conducted to evaluate
multiple architectures. These experiments are used to find the optimal architecture to use
in the comparison between the VPLD and EHW, and the VPLD and ANN. Different
hyperparameter experiments are conducted for each problem, but collectively the effects
of altering, number of layers, number of FABs and types of FAB are investigated. The
effect of these hyperparameters on the ability of the VPLD to control robots or classifier
data correctly is investigated. The effect of the hyperparameters on both the evolutionary

efficiency and the controller/classifier performance are analysed.

1.4. Publications
As aresult of the research conducted in this thesis several articles have been accepted

for publication in peer reviewed international conferences and Journals.

1.4.1 Journal Articles

e F. Borrett and M. Beckerleg, "A comparison of an evolvable hardware
controller with an artificial neural network used for evolving the gait of a
hexapod robot", Genetic Programming and Evolvable Machines 24, 5 (2023)

o Related chapters: 2 & 5.

1.4.2 Conference Papers

e F. Borrett and M. Beckerleg, "The Virtual Programmable Logic Device, a
Novel Machine Learning Architecture," 2024 IEEE Congress on Evolutionary
Computation (CEC), Yokohama, Japan, 2024, pp. 1-8

o Related chapters; 2, 3, & 5.

e F. Borrett and M. Beckerleg, "A Comparison of a Digital and Floating-Point
Virtual Programmable Logic Device and an Artificial Neural Network Evolved
for Robotic Navigation," 2024 IEEE Congress on Evolutionary Computation
(CEC), Yokohama, Japan, 2024, pp. 1-8

o Related chapters; 2, 3, & 5.
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1.5. Thesis Structure
This thesis is organised as follows:

Chapter 1: This chapter explains the research objectives for the thesis, and the
motivation for the research question. The experiments and methods used to address these

questions are also introduced.

Chapter 2: This is the literature review chapter, covering key areas of the current body
of knowledge on EHW, specifically its implementation, and application in robotic control
and pattern recognition. Additionally, literature on evolvable ANNSs is also investigated,
again covering applications in robotic control and pattern recognition. Comparisons

between EHW and evolved ANNs are also discussed.

Chapter 3: In this chapter the methodology of the VPLD is described in detail,
covering all areas including, the VPLD model, hyperparameters and operation, as well as
its implementation in comparison to EHW. The optimization of the VPLD is also
discussed, introducing how nature inspired optimization algorithms such as EAs can be

used to optimize the VPLDs configuration bitstream for a given task.

Chapter 4: This chapter includes an overview of the robotic platforms used and the
experimentation of the VPLD in the robotic control domain. Where the VPLD is validated
in comparison to a EHW system for the gait control of a hexapod. The VPLD is then
compared with an ANN for the hexapod problem and for controlling a 2WD mobile robot
in autonomous navigation tasks. For each task a detailed description is provided for the
VPLD, EHW and ANN architectures, as well as the parameters of the GA used to evolve
the three architectures. A set of results for the experiments conducted are presented and

discussed.

Chapter 5: This chapter covers the experimentation of the VPLD in the pattern
recognition domain. The VPLD is compared with the ANN for a binary character
recognition problem and for melanoma classification. For each task a detailed description
is provided for the VPLD and ANN architectures, as well as the parameters of the GA
used to evolve the architectures for pattern recognition. The results of the VPLD and
ANN in the pattern recognition tasks are discussed, and a comparison is made on the

performance of each architecture.
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Chapter 6: In this chapter the effect of altering the VPLD hyperparameters on
performance is investigated, this is done by comparing various VPLD architectures that

are evaluated in the robotic control and pattern recognition problems.

Chapter 7: The research questions introduced in chapter 1 are discussed and
conclusions are made based on the results of the experiments conducted in chapter 5 & 6.
Potential areas of future research regarding both the VPLD architecture and its

applications are examined.

Appendix A: Describes the different ANN architectures that are evaluated to find
optimal architectures for each experiment. These optimal ANN architectures are then
used in the main text of this thesis for comparison to the VPLD for applications in robotics

and pattern recognition.

Appendix B: Includes links to the supplementary resources. The supplementary
resources are videos demonstrating the evolved hexapod robotic controllers, both in

simulation and on the real robot.
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Chapter 2

Chapter 2: Literature Review

Evolutionary algorithms are a series of nature inspired optimization algorithms based
on Charles Darwin’s theories on natural evolution [19], specifically using the concepts of
reproduction whereby new individuals inherit beneficial characteristics from previous
generations, and survival of the fittest ensures individuals with the best genetic
characteristics for the environment survive to reproduce. These concepts have been used
to generate a number of metaheuristics for solving complex optimization tasks, such as
genetic algorithms, evolutionary strategies, differential evolution and particle swarm
optimization. In the field of evolvable hardware, evolutionary algorithms have been used
to evolve digital and analogue electronic circuits for various tasks, ranging from digital
adder and multiplier circuits to more complex architectures used for robotic control,
pattern recognition and image processing. In this chapter a review of the literature on
evolvable hardware and the evolutionary algorithms used to optimize them is conducted.
Also, evolved ANNs are reviewed as in the literature as they are used as a point of
comparison and a benchmark to EHW, particularly in the evolutionary robotics field. In
this research evolved ANNSs also serve as a benchmark comparison for the novel VPLD

architecture for evolutionary robotics and pattern recognition tasks.

2.1. Evolvable Hardware and their application
Evolvable hardware is the study of using evolutionary algorithms to optimize digital

and electronic circuits [1, 2]. EHW architectures are normally implemented and/or
evolved directly on reconfigurable hardware such as Field Programmable Gate Arrays
and Field Programmable Analogue Arrays. The applications of these EHW architectures
varies from the optimization of adder and multiplier logic circuits, through to complex
tasks in robotics, such as locomotion, autonomous navigation, manipulators and fault
tolerance. In the field of pattern recognition, EHW have been developed for many
applications including character recognition and facial recognition. A variety of EAs have
been used for the optimization of EHW, primarily genetic algorithms and evolutionary

strategies are used, however other methods such as DE and PSO have been investigated.
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2.1.1 Reconfigurable Hardware Architectures
Reconfigurable hardware refers to electronic integrated circuits that feature

reconfigurable routing and logic elements, along with additional peripherals. These
characteristics make them adaptable to various applications. These architectures
incorporate both digital and analog hardware, typically configured by a bitstream stored
in a flash-based configuration memory device. The most common type of digital

reconfigurable hardware is the FPGA.

Note: In the literature, the internal architectural components of field programmable
gate arrays are described using terminology that varies between manufacturers and
publications. Generic terms such as Configurable Logic Block (CLB) are commonly used
to describe the fundamental logic resources within an FPGA. However, FPGA vendors

often employ device-specific terminology in their documentation.

In this thesis, the term Logic Array Block is used in place of CLB when describing
FPGA architectures. This terminology follows the conventions used by Altera in their
device documentation and development tools, which form the basis of the evolvable
hardware platforms referenced throughout this work. While the naming differs, LABs and

CLBs represent functionally equivalent architectural concepts within FPGA fabric.

The use of vendor-specific terminology is intended to maintain consistency with the
hardware platforms, documentation, and development environments employed in this
research, and does not imply a conceptual deviation from standard FPGA architectures

described elsewhere in the literature.
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FPGA Architecture

FPGAs are a common type of programmable logic device. These devices are
reconfigurable integrated circuits, making them highly adaptable for many applications.
The FPGA architecture consist of a two-dimensional array of logic array blocks (LABs)

with interconnections between LABs (Fig. 2-1).

e =)
EJLABJ‘ 4LABJ ma | .

I/O Block
Logic Array Block Programmable

Interconnect

Fig. 2-1 Field Programmable Gate Array Architecture
Each LAB (Fig. 2-2) contains several interconnected logic elements (LE) which can
be configured to perform a variety of logic functions. Logic elements typically have four
inputs and one output, the four inputs are fed to a RAM-based lookup table which can be
configured by the user to perform any combinatorial logic function on the four inputs (i.e.

A&B&C&D). Logic elements also typically contain a programmable register (Fig. 2-3).
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Logic Element Programmable Interconnect

Fig. 2-2 Simplified Logic Array Block Architecture used in Altera FPGAs
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Fig. 2-3 Basic Logic Element Architecture with programmable LUT, register and routing
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An FPGA device is programmed using a hardware description language such as
Verilog and VHDL. Manufactures like Altera and Xilinx have their own Integrated
Development Environments (IDE)s for the programming and compilation of a design to
be implemented on their respective FPGA devices. An IDE such as Altera’s Quartus is
required for compilation of the HDL design to generate a configuration bitstream, which
is used to program the FPGA device for the required operations. The routing and function
of the LABs/LEs can be configured to perform simple multiplier and adder operation
through to complex logic circuits used for display drivers or high-speed network
communication. To aid in these complex applications modern FPGAs make use of
multipliers, memory blocks, digital signal processing blocks as well as embedded hard-
core processors. Having such features with a reconfigurable architecture makes FPGAs
extremely useful in embedded and control systems for a variety of fields, including
telecommunications, acrospace, and robotics.

2.1.2 Digital Evolvable Hardware

Digital EHW is the study of the optimization of digital circuits using evolutionary
algorithms. Primarily this is performed on FPGAs as their architecture allows the
application of reconfigurable digital circuits designed using a hardware description
language (HDL) such as Verilog. The FPGA is a two-dimensional array of logic array
blocks (LABs) with interconnections between LABs. Normally an integrated
development environment such as Altera’s Quartus is used to convert the digital circuit
design into a configuration bitstream which is then downloaded into the FPGA to
configure the LABs and interconnections. When used in EHW, the CBS can be seen as a
chromosome and directly evolved using an evolutionary algorithm to produce a variety
of circuits from adders[3] and multipliers through to robotic controllers[10, 11, 13, 22]

and classifiers[15] for pattern recognition.

The major difficulties of evolving a FPGA CBS are: a) the creation of destructive
hardware where outputs are connected to outputs; b) fine grained architecture where
complex circuits are difficult to evolve; and c) difficulties with scalability. Under normal
conditions the IDE would not allow a destructive CBS to be produced, instead producing
error messages to the designer. However, directly evolving the CBS allows destructive

architectures to be produced.

18



In earlier research the Xilinx XC6216 FPGA was used as its internal architecture did
not allow output to output connections [4, 5]. However, this chip is no longer in
production and modern FPGAs are capable of destructive architectures, relying on the
IDE to prevent this from occurring. Alternative approaches to avoid destructive
architectures include: a) evolutionary algorithms that only manipulate the sections of the
CBS corresponding to the LAB’s function and not the interconnections [23, 24]; b)
genetic programming of HDLs, evolving the hardware description language itself relying
on the compiler to prevent destructive architectures [25]; and c) virtual FPGAs designed
in HDL and implemented on FPGAs. A variety of virtual FPGA architectures have been
proposed however most consists of a two-dimensional architecture of units that perform

configurable logic functions.

The S-block (Fig. 2-4) is one such virtual FPGA architecture originally introduced by
Haddow and Tufte [6, 7]. Each S-block contains a configurable LUT and data register,
the S-block has four inputs and outputs (north, south, east, and west). This architecture
can be synthesised on the FPGA fabric and is configured using a bitstream, the bitstream
can be evolved to optimize the functions selected by the LUT and the routing between

blocks. A destructive CBS is not possible as only output to input connections are possible.
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Fig. 2-4 S-Block architecture introduced by Haddow and Tufte
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The limitation of the S-block was that it had a fine-grained architecture making it
difficult to evolve complex circuits. Alternative to the S-Block approach, are virtual
FPGAs [8, 9] which use logic units equivalent to the FPGA LAB, each of these logic
units contains a multiplexer which selects inputs determining the interconnections
between logic units, and logic elements. The logic elements contain a LUT with complex
logic functions giving these virtual FPGAs a course-grained architecture which is more
suitable for evolution. These logic units are configured by a configuration bitstream. The
output of one column of LABs connects to the input of the following column of LABs,
preventing destructive output to output connections allowing the hardware to be evolved
safely.

2.1.3 Examples in Robotics

In the domain of evolutionary robotics, EHW architectures have been designed for

many applications including autonomous navigation [10, 11], ball-beam system [12, 13],

locomotion [14], and fault tolerance [14, 17, 18].

Beckerleg and Collins [12] evolved a cartesian EHW architecture on a FPGA to
control a ball-beam system. A hardware GA was used to evolve the configuration
bitstream of the digital EHW, this GA used only mutation and no crossover operation. It
was found the EHW architecture could be evolved successfully to balance the ball in the
beam for over five minutes. The initial evolution was slow until the EHW controllers
could balance the ball for approximately ten to twenty seconds at which point the fitness
(balance time) rapidly increased to beyond the goal of five minutes. On average the EHW

was evolved in under 40,000 generations.

Beckerleg, Matulich and Wong [10], investigated a digital EHW robotic controller for
a 2WD mobile robot. The EHW system was compared with an ANN and a lookup table.
The three controllers evolved using a GA for obstacle avoidance and light following tasks,
and combined light following while avoiding obstacles. The EHW used for the light
following while avoiding obstacle task, was a four-layer architecture implemented on a
FPGA. The outputs for each motor were forward, reverse and stop. It was found that the
EHW and ANN controllers had a comparable evolutionary performance, with the
combined obstacle avoidance and light following problem evolved in 700 generations by
the EHW and 850 generations by the ANN controller. However, the ANN reached a
slightly higher fitness level.
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In a similar robotic navigation task, Tyrrell et al.[11] evolved an obstacle avoidance
controller for the 2WD Khepera robot. The robot had eight proximity sensors for inputs
and two binary outputs allowing the robot to move forward, backward, left, and right. The
fitness was based on the distance and time travelled without a collision. Fault tolerance
was investigated using faulty sensors, and it was found that some sensors had minimal or
no impact on performance allowing the evolutionary process to evolve more quickly

under such fault conditions.

Some researchers have chosen alternatively to use FPAAs; like their digital
counterpart the FPGA these devices are reconfigurable but implement analogue
hardware. Berenson et al[14], used an FPAA EHW approach with artificial neural
networks approximated as analogue hardware. Two ANN controllers were developed and
evolved using a GA, one for the locomotion of a biped robot and a second used in
restoring the ability of a quadruped robot to move after several faults were introduced.
For the quadruped experiments, two fault scenarios were investigated. The first scenario
looked at achieving motion with only a single leg left controllable, the others were locked
in a fully extended position. The second scenario involved simulating partially removing
the shank of one of the legs by attaching a weight to where the shank connects. It was
found that using their chosen methods the quadruped was not able to recover in extreme
friction conditions. But on a plywood surface it was able to achieve some forward motion.
It was noted in their work that the online evolution is time intensive having to test each

candidate solution each generation and required resetting of the robots after each test.

Combining EWH and redundancy, Hereford [18] developed a fault tolerance strategy
using FPAAs to recover from sensor failures. In his experiments, three temperature
sensors were connected to the inputs of a FPAA, the multiple sensor inputs are combined
by the FPAA for a single output value. When faults are detected using a Kalman filter
such as open or short circuits, the FPAA had to be adapted using a GA to accurately
produce the correct value. A standard GA was used with roulette wheel selection, 70%
crossover probability and a 6.25% mutation rate. During the experimentation the
reconfiguration allowed the system to recover and output values within 2% of the correct

value for all fault cases.
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2.1.4 Examples in Pattern Recognition
In the pattern recognition domain evolvable hardware has been used as a classifier for

a variety of tasks. In the related field of image processing, evolvable hardware has also

been investigated for tasks such as noise removal from corrupt images [16].

EHW architectures have been evolved for classification of sonar signals as a means of
target detection by Garnica, Glette, and Torrsen [15]. In this study a comparison was
made between three EHW implementations using a Xilinx XC7-Z020 FPGA, 1) a full
hardware solution on FPGA fabric, 2) EHW on FPGA fabric and EA implementation on
soft-core processor, and 3) EHW on FPGA fabric and EA implementation on an

embedded ARM processor.

The configuration of the EHW is small only requiring 90-bits, this configuration was
evolved using a (1+8) evolutionary strategy. The approach using full hardware and the
approach using the ARM processor (on max clock speed 667MHz) could run the same
number of generations in a comparable time, but the approach using the softcore
processor was slower due to the lower clock speed. Note: this study did not assess the
required generations to evolve an optimal classifier and the level of accuracy at the end
of the evolution. A previous study by Glette and Kaufmann [26] also investigated the
same sonar classification problem using EHW classifiers, and in this work an accuracy
of 86.3% was achieved. However, this was not the goal of the research so it is noted that
better accuracy may have been achieved with alternative architectures, instead the paper
was focused on reducing the resource utilization of the EHW by using lookup table partial

reconfiguration.

For the task of character recognition using EHW as is investigated in this thesis, Wang,
Piao and Lee[9] designed a four layer EHW cartesian architecture for the classification
of 5x6 pixel images of characters. Specifically, the architecture was evolved using a (1+4)
evolutionary strategy with a self-adaptive mutation rate, to classify the characters A to P.
The 4-layer architecture consisted of 64 function blocks, 16 per layer. To classify the
characters correctly the EHW had to evolve to give a high signal (logic 1) for a given
character, the other 15 outputs had to be low (logic 0). The complete evolutionary process
was implemented on a FPGA SoC. The EHW architecture successfully evolved to

classify all the characters.
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A second approach to the character recognition problem was investigated by Wang et
al.[27] where multiple EHW circuits acted in parallel with the outputs of each combined
via a counter meaning the output of the EHW architecture was no longer binary but an
integer value ranging from 0 to n, where n is the number of EHW circuits used in parallel.
Classification of the characters A-P was then determined by the comparison of the
magnitude of each output. It was concluded that the new architecture had an improved

accuracy over the original with the presence of input noise (1-5 bits altered in the image).

2.2. Challenges
Although EHW architectures have been successfully evolved for robotics and pattern

recognition applications, there are number of challenges with the EHW and their
implementation. In particular 1) a high degree of complexity in the system design; 2) high
cost with the need of expensive development boards, as well as custom hardware for
robotics applications; 3) limited resources of FPGA and FPAA devices which reduces
scalability; and 4) low processor performance on FPGA SoCs, which limits the robotic
simulation complexity.
2.2.1 System Design Complexity and High Cost

The EHW system design is very complex, requiring multiple elements for both the
software and hardware components. The software components that run on a PC or the
FPGA SoC processor are: 1) the evolutionary algorithm; and 2) the robotic simulation or
data processing for pattern recognition applications. Other software components may also
be needed to transfer data and trial configurations between the SoC processor and the
FPGA fabric. The hardware components are the EHW IP itself and the system design
which may include embedded ARM processors or softcore processors, along with
peripheral components such as parallel ports, communication interfaces, memory, phase
locked loops etc to be implemented on the FPGA fabric. Having many components in the
complete evolution system spread across different platforms poses a challenge when a
researcher wants to make any alterations to the design, it may require changes to the
system at multiple levels. The complexity also poses a risk of introducing errors into the
system with multiple different components all required to carry out a single operation,
including: a) the custom IP defining the EHW; b) the program interface the processor and
FPGA; c¢) the GA code managing the chromosomes of the individuals; and d) the system

architecture.
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In the investigation of EHW for the control of a 2WD mobile robot described above
[10], the EA implementation has a high degree of complexity. The system required a PC
to program the FPGA device and to run the robotic simulation and GA. The simulation
I/O and trial chromosomes were transferred to the FPGA from the PC using a RS232
serial link to a NIOS softcore processor running on the FPGA. The NIOS processor then
configures the EHW and gets the output control signal to send back to the PC to drive the
simulation (Fig. 2-5). This research utilised an Altera DE2-115 which has a cost of
$423USD (for academic institutions), and a custom robotic platform utilizing a FPGA IC

was also required.
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Fig. 2-5 EA environment used by Beckerleg, Matulich and Wong [10] to evolve EHW controllers for
a 2WD mobile robot

In the sonar pattern recognition problem[15], has a system design of similar
complexity to the 2WD robotic control[10]. However, they have removed the need of a
PC to FPGA interface by having the software managing the training data and the EA run
on an processor apart of the FPGA SoC. As stated previously separate implementations
utilizing an embedded ARM processor and also a softcore processor running on the FPGA
fabric were investigated (Fig. 2-6). The FPGA board used in this research was the Xilinx
ZedBoard Zyng-7000 which costs $589USD.
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Fig. 2-6 EA environment used by Garnica, Glette, and Torrsen [15] to evolve EHW classifiers on
FPGA SoCs

2.2.2 Limited Resources and Low Processor Performance
Another challenge is in the resources required to implement the EHW. Analogue EHW

utilising FPAAs have been limited by the low resource count of such devices, often
requiring multiple FPAAs connected together[28]. Even with this approach the
architectures implemented have been relatively small. For larger architectures to be
implemented in the hope of solving more complex tasks, custom FPAA platforms would
be required. Because of these limitations the research into and success of analogue EHW
has been restricted compared to digital EHW. The digital EHW utilising FPGAs can also
have issues with limited resources. When using the EHW IP combined with softcore
processors and other IP such as communication interfaces, the system quickly reaches the
max number of logic elements. However a larger FPGA with more logic resources can be
purchased, but FPGA SoCs with high logic resources and the necessary peripherals are
expensive.

In regards to processor performance, it is shown in the literature that embedded ARM
processor as part of the FPGA can execute the EA faster than softcore processors
synthesized on the FPGA fabric, this is because the ARM processor have a higher clock
speed[15]. However, these processors are not capable of running efficiently (if at all)
modern robotic simulations which have become more complex and have a high
computational load but have a lower simulation to reality gap. As in the case of the EHW
used for 2WD robotic control[10], the simulation can run on a PC with the GA, and
transfer simulation I/O and trial configurations to a FPGA SoC but the communication is
a bottleneck in the system increasing the time to evolve. Apposed to an ANN
implementation for example, where the simulation, EA and the ANN itself operate in the

same environment which doesn’t require communication between different devices.
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2.3. Contribution of this Thesis
The primary contribution of this research is the Virtual Programmable Logic Device,

inspired by both the PLD and EHW architectures implemented on FPGA devices. The
VPLD is based on the architecture of a PLD which uses programmable function elements
and routing between the function elements. However instead of using hardwired digital
circuits, the VPLD is the software equivalent of the PLD written in a standard
programming language that can be executed on a CPU. The author has not found

references of such an architecture in the current body of knowledge.

The VPLD has a simpler system design than EHW, the complete VPLD evolution
process can be implemented in a single programming environment to run on a processor
akin to an equivalent implementation for the optimisation of ANN. This means multiple
devices and development tools are not needed, and the VPLD can be implemented with
any programming language and the associated IDE. This implementation has several
benefits including, 1) it is faster to develop and compile designs, and 2) it is simpler to
debug and refactor designs. These factors will make the process of conducting research

using the VPLD easier and faster than when using EHW.

The VPLD can be optimised on standard desktop PCs and laptops which have large
amounts of memory and multicore processors with clock speeds much higher than the
processors on the FPGA SoCs. Meaning the VPLD does not have the same resource
limitations of EHW. The VPLD will be faster to evolve for modern robotics applications
as the VPLD is running in the same native environment as the simulation on a PC. These
simulations cannot run on FPGA SoCs efficiently, and the alternative PC-FPGA system
is bottlenecked by the communication between the PC and the FPGA device.

The VPLD has a reduced cost compared to the EHW, as it doesn’t require expensive
FPGA development boards, instead devices like the Raspberry Pi can be utilised which
can be brought for $35USD. Also, in robotics research, expensive platforms with custom
FPGA hardware are not required. Instead off the shelf robotics platforms which often

utilize the Raspberry Pi as the main controller can be brought for significantly less cost.
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2.4. Other Relevant Work
This section describes other research areas that are relevant to this thesis including, 1)

the optimisation of ANNs using evolutionary algorithms, and 2) the evolutionary
algorithms used for the optimisation of EHW. The research areas discussed in this section
do not directly concern the primary research contribution being the VPLD architecture
and the challenges outlined in the EHW field which the VPLD aims to address. However,
as the evolved ANN is used as a benchmark for the VPLD performance, and an
evolutionary algorithm is used to optimize the configuration of the three architectures
(ANN, VPLD, and EHW), a review of the literature in these domains is relevant to this
thesis.
2.4.1 Evolved Artificial Neural Networks and their application

ANNSs aim to replicate biological neural networks using a layered architecture of
interconnected neurons (Fig. 2-7) in software. Each neuron has a series of weighted
inputs, and the sum of these weighted inputs plus a bias is fed into an activation function
such as the sigmoid or rectified linear functions (Fig. 2-8). The activation function will
determine the final output of the neuron. A familiar example of ANNs can be seen in

modern smart phones where it is used in facial recognition to unlock the phone [29, 30].
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Fig. 2-7 Feedforward fully connected ANN

Fig. 2-8 ANN neuron with weighted inputs, bias and activation function
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These networks of neurons are typically trained (weights and bias value optimisation)
using a gradient based optimisation algorithm. However, other non-gradient approaches
can be used, including nature inspired methods like evolutionary algorithms. The
evolutionary algorithms have been used for 1) optimisation of ANN hyperparameters[31-
34], and 2) the optimisation of the ANNs weights and biases for a given application[32],
such as robotic control and pattern recognition. This thesis is concerned with the latter
optimisation of the ANNs configuration (weights and biases), as the ANN is used to
benchmark the performance of the VPLD. The VPLD and ANN configurations will be

optimised using the same EA for a fair comparison.

The evolution of ANNs weights and biases, and applications of the evolved ANNs in

robotics and pattern recognition are described below.

Evolution of Artificial Neural Networks

Evolutionary algorithms including the GA, ES, and PSO have been used to optimise
the weights and bias of ANNs for various applications in the robotics and pattern
recognition domains. The interest of the ML community in the use of evolutionary
algorithms for the training of ANNSs is twofold, 1) evolutionary algorithms can be used
for non-differentiable problems, and 2) evolutionary algorithms such as the GA have

good global search characteristics compared to gradient based methods.

Examples in Robotics

In robotics ANNs have been successfully evolved for tasks such as controlling mobile
robots [35-39], solving the inverse kinematics of robotic manipulators [40], and hexapod

locomotion control[41, 42].

Beckerleg, Matulich and Wong [10], investigated a comparison of three different
robotic controllers for a 2WD mobile robot. One of the controllers was a feed forward
ANN, a GA was used to evolve the weights and biases of the ANN for different navigation
tasks. It was found the ANN took more generations to evolve compared to the EHW, but

the ANN reached a slightly higher fitness level.

Juang, Chang and Hsiao [43] evolved fully connected recurrent neural networks
(FCRNN) to produce the walking gait of a hexapod with 2DOF legs. The EA used was
symbiotic species-based particle swarm optimization (SSPSO). The SSPSO algorithm

and a Webots simulation of the robot was successfully used to optimize the neural
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network to produce a gait where the hexapod walked forward in a straight line. The
evolved neural network could be transferred to control the real robot, however it is noted
the distance travelled by the real robot was less than that observed in the simulation. The
reduced distance was caused by the slower execution of the neural network on the

embedded hardware.

As an alternative to reinforcement learning, Salimans et al[44] investigated the use of
evolutionary strategies for the optimisation of the weights and biases of a neural network.
The neural network was a feed forward multilayer fully connected ANN with two hidden
layers each with 64 neurons, all layers use the hyperbolic tangent activation function. The
ANN was evolved using ES for multiple tasks in the OpenAl Gym[45] which utilises the
MuJoCo simulator[46]. The tasks evolved for include, both single and double inverted
pendulums, as well as controlling the gait of a humanoid in 3D cartesian space. The
combination of the ES and ANN was able to solve the humanoid problem in ten minutes,

which was faster than the traditional gradient based reinforcement learning approach.

Examples in Pattern Recognition

ANNSs have been investigated extensively in the pattern recognition domain with great
success, and have been used for multiple pattern recognition applications, including
medical diagnosis and imaging. Medical diagnosis is an important application of ANNs.
Specifically neural networks have been used for applications such as lung disease
classification from x-rays[47], other examples include the use of photos, CT scans, and
MRI scans for detection of various cancers[48, 49]. Another useful application of ANNs
in this domain is segmentation, architectures such as U-net and its many variants are used
to segment tumours from medical images for example[50, 51], which aids a medical

practitioners diagnosis.

One such task in this domain which is investigated in this thesis is skin lesion
classification. Chakraborty et al [52] investigated the classification of three skin lesions,
angioma, basal cell carcinoma, and lentigo simplex using a ANN. The ANNSs input was
a set of 13 extracted features, including Harlick features extracted from a Grey Level Co-
Occurrence Matrix [53]. Genetic algorithms are compared with PSO for the optimization
of the ANNSs weights and biases. It was shown that a non-dominated sorting GA, achieved
better accuracy than the PSO implementation, at approximately 88% and 82%

respectively.
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For the classification of melanoma as benign or cancerous, Aswin, Jaleel and Salim
[54] evolved the weights and biases of a fully connected feedforward ANN using the
sigmoid activation function. A set of features were extracted using images from a
dermatoscope. The extracted features were four Harlick features from a GLCM, and three
colour features being the average red, green and blue values. Prior to feature extraction
the images underwent preprocessing and segmentation stages. The preprocessing
involved filtering to reduce noise, and a dull razor algorithm to remove hair from the
image. For segmentation of the skin lesions the Otsu Colour Threshold method is used. It
was shown that the GA could evolve the ANN to reach an accuracy of 88% for the binary
classification of melanoma.

2.4.2 Evolutionary Algorithms used for Hardware Evolution

Evolutionary algorithms are a series of nature inspired optimization algorithms based
on Charles Darwin’s theories on natural evolution[19], specifically using the concepts of
reproduction whereby new individuals inherit beneficial characteristics from previous
generations, and survival of the fittest ensures individuals with the best genetic
characteristics for the environment survive to reproduce. These concepts have been used
to generate a number of metaheuristics for solving complex optimization tasks, such as
ES[55-57], DE[58], GAs[59-61] and PSO[62]. Evolutionary algorithms which have been
used to optimize EHW for a variety of problems, generally use an iterative approach of
fitness assessment, selection of the fittest individuals, and reproduction. The EA is run
until the maximum fitness in the population converges to an optimal level. Other than for
the optimization of EHW, EAs have been used in many different domains for
optimization problems, including for tasks such as organising airline flight plans, and
shipping manifests to maximize efficiency. EAs have also been used to optimize ANNs

for robotics and pattern recognition tasks.

Fitness

Fitness is an important component of every evolutionary algorithm as it determines
which individuals are optimal or closest to optimal in the population. The fitness of an
individual is evaluated using a fitness function. Each fitness function has an associated
fitness landscape, which is the entire solution space containing the fitness for all the
possible chromosome configurations (Fig. 2-9). Depending on the specific problem and
fitness function an EA maybe searching for either a minima or maxima as the optimal

fitness. For instance, in the traveling salesman problem where the fitness maybe set to
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minimize the path of the salesman, the EAs goal would be to find the global minima
(point A). On the other hand, for an engineering problem such as the generative design of
a heat sink, the EA may be searching for the global maxima which is the configuration of

the heat sink with the highest efficiency (point B).

VN

Global maxima (B)

Local maxima

Local minima

Fitness/Performance

Global minima (A)

All Possible Solutions

Fig. 2-9 Fitness Landscape, showing local and global maxima/minima

The success of the EA in searching the fitness landscape depends on a variety of factors
including, the size of the population, mutation and crossover operators. These factors will
influence the diversity in the population, high genome diversity particular in early
generations is important as it aids in global search of the fitness landscape, however
diversity will generally decrease as the EA progress and the population converges to an
optimal solution. Which is why the mutation rate needs to be high enough to not be overly
destructive of offspring chromosomes, but also aid in maintaining diversity so the

population can break away from a local optima to move closer to the best global solution.

For the fitness assessment in robotic control application, typically trial controller
configurations are assessed in a simulation of the robot, as the robot can be assessed in
faster than real time, meaning a population of 50 or 100 robots can be assessed for many
generations faster in simulation than trying to assess fitness of a population on the real
robot. However, simulations suffer from the sim to reality gap, but modern simulators

have greatly improved in this area.
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Examples in the literature on the fitness assessment of robotic controllers on the real
robot include Heijnen, Howard and Kottege’s[63] work on a testbed for the evolution of
hexapod controllers. The paper’s primary objective was to investigate the testbed and how
it could be used to evolve the controllers on the real robot. The evolution was done in a
two-stage process: 1) using a DE on a population of possible solutions; and 2) selecting
a single parent from the stage 1 population based on the mission criteria and using the
(1+1) ES to reach the final solution. They were able to show that feed forward controllers
that produce the desired foot positions could be evolved using the testbed for fitness
requirements based on the smoothness, stability, and efficiency of the hexapod’s gait.
However, the evolution process took nine hours to complete. In simulation equivalent

controllers could have been evolved in the realm of seconds or in the worst-case minutes.

In the pattern recognition domain fitness assessment is relatively straight forward in
comparison to robotics, whereby classifiers can make a series of predictions on a set of
training data, and the fitness can simply be the accuracy or error of the classifier. This

was seen in the examples of EHW classifier evolution discussed[9, 26].

Genetic Algorithms

The GA is one of the many metaheuristics to come from Darwin’s theories on natural
evolution. Such metaheuristics were originally introduced in the 1960s but the GA was
later introduced and made popular in the 1970’s from research conducted by John Holland
[59-61]. The GA employs the evolutionary concepts of reproduction, crossover, mutation,
and natural selection to manipulate a population of individuals. GAs are an iterative
process of fitness calculations followed by selection and reproduction; iteration stops
when the population converges towards the optimal solution for the given fitness
landscape (Fig. 2-10). The reproduction stage of the GA involves the crossover of parent
chromosomes to produce offspring, which ideally have taken beneficial genes from each
parent to result in a new individual with a higher fitness than those in the previous
generation. Mutation operators are also used during the reproduction stage to, 1) introduce
new genes to the population, and 2) maintain diversity of the population, which is
important for the success of the GA in escaping local optima to reach the global optima.
Genetic algorithms have been used for a variety of applications, one application is the GA
can be used to optimise EHW configurations for robotic controller, and pattern
recognition tasks. Examples discussed were robotic controllers for mobile robot

navigation[10], and a ball-balancing system[12].
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Fig. 2-10 Standard Genetic Algorithm

Crossover Operators
Crossover operators are the methods used to combine parent chromosomes to generate

new child chromosomes. Various techniques have been used to generate offspring, some
standard operators are described below, outside of the standard methods several

approaches have been used including some problem specific operators [64].

Single point crossover (Fig. 2-11) selects a point randomly to slice each parents’
chromosome. The first offspring chromosomes will have the genes from the left side of
crossover point of parent o, combined with the right side of the crossover point of parent
v. The second offspring will have the opposite combination of the parent genes. The
disadvantage of using a single point crossover is that useful genes at either end of the
chromosome in one parent can’t all be passed to the offspring, as the child will either
have the beginning or the end of the parent’s chromosome. However, single point benefits
are that 1) it’s simple to implement, and 2) larger sections of the parents genes are
maintained, which is useful at the end of evolution where other operators are more

destructive of the parent chromosomes.

Parent a 15 1 2 12 7 5 16¥Y3 8 9 10
Parenty 8 1 2 14 4 5 15 7 8 11 6

Offspring 15 1 2 12 7 5 16 7 8 11 6

Fig. 2-11 Single point crossover operator example
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Multi-point crossover (Fig. 2-12), also known as n-point or k-point crossover, uses a
method similar to single-point crossover but with n>1 crossover points. As with single
point the crossover is completely random, and the offspring chromosome is a combination
of two parents’ chromosomes. Multi-point can result in better exploration of the search
space compared to single point. However, this operator can be disadvantaged with a
higher number of crossover points, because the higher the crossover points the more
destructive the operation is. Meaning parts of the chromosome (specifically combinations

of genes) which may be optimally configured can be lost during the crossover.

Parent a 191 2 12 705 1603 SQ9 10

Parenty 8 1 2 14 4 5 15 7 8 11 6

Offspring 15 1 (2 14 4 5 16 7 8 9 10

Fig. 2-12 Multi-point crossover operator example

Uniform crossover (Fig. 2-13) is another common method. The uniform crossover
operator selects genes from each parent randomly, but each parents’ genes have a 50%
chance of being passed to the offspring chromosome. This method like multi-point has
good exploration capabilities but also like multi-point can be destructive. However, this
is not always the case as the child chromosome may end up with 95% of good genes intact

from one parent, and only 5% of genes from the second parent for example.

LAAAAAAAALYL

Parent a 15 1 2 12 7 5 16 3 8 9 10

Parenty 15 1 2 14 4 5 15 7 8 11 6
Offspring 15 1 2 14 4 5 15 3 8 11 6

Fig. 2-13 Uniform crossover operator example
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Average crossover (Fig. 2-14) operator generates children using the average of both
parents’ chromosome. This crossover method is only suitable for chromosomes, that use

integer or floating point values to express the genes.

Parenta 15 1 2 12 7 5 16 3 8 9 10
Parenty 15 6 4 14 4 5 12 /7 8 11 6

Offspring 15 35 3 13 55 5 14 5 8 10 8

Repaired

Offspring 15 4 3 13 6 5 14 5 8 10 8

Fig. 2-14 Average crossover operator example

Mutation Operators
After a new offspring chromosome is generated, it has a probability of being mutated.

In nature the probability of mutation is very low, the human genome for example has an
estimated probability of approximately 1078 of being mutated[65]. In GAs a low
mutation rate is typically used in the range of 0.1% to 3%. A low mutation rate aids the
search for an optimal solution, an excessive mutation rate (5% or greater) would be overly
destructive of the chromosome, resulting in useful genes from past parents being lost.
Because of this the probability at the end of evolution that mutation improves the fitness
of a given chromosome is low. Like crossover there are a few standard mutation

operators[66].

Insertion mutation (Fig. 2-15) selects one or multiple points in the chromosome being
mutated and replaces them with random genes. If the operator is setup to mutate more

than one point, the number of points is kept very low, not higher than a few percent.

Original 15 1 [21|12]/ 7|5/ 16| 3 |8/ 9 |10
Chromosome
Mutated 15 1 2 12 7 5 4 3 8 9 10
Chromosome

Fig. 2-15 Insertion mutation operator example
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Inversion mutation (Fig. 2-16) as the name suggest involves an inversion of the genes
within in the chromosome. The inversion operation requires two points in the
chromosome be selected randomly, the genes within the two points are then inverted. A

similar form of mutation does occur naturally in biological chromosomes.

Original 15|22 [12f7 |5 [16 /3 fs |9 [10
Chromosome
Mutated 15 1 2 12 3 16 5 7 8 9 10
Chromosome

Fig. 2-16 Inversion mutation operator example

Displacement mutation (Fig. 2-17) works by first selecting two random points like the
inversion operator, but instead of inverting them, the selected region of the chromosome
is moved (displaced) to a new point in the chromosome, the genes in that position are

shifted to the right to make room for the displaced genes.

. selected
displacement

region
Original ' Q Q

15 1 2 12 7 5 16 3 8 9 10
Chromosome

Mutated

15 5 16 3 1 2 12 7 8 9 10
Chromosome

Fig. 2-17 Displacement mutation operator example
Exchange mutation (Fig. 2-18) swaps genes in the chromosome being mutated. To
perform the operation two random genes are selected to exchange places in the
chromosome. Multiple genes can be exchange but similar to insertion the number of

operations is kept very low.

Original 151 B A A G sl D el E G
Chromosome

Mutated 151 16122 7 /5 2 '3 8 9 10
Chromosome

Fig. 2-18 Exchange mutation operator example
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Selection Methods
The selection method is used by the GA to choose the parents to be used in

reproduction and which individuals will carry on to the next generation. Typically, the
selection criteria is based on the fitness of the individuals but other factors may be used,
for example generational selection which only retains offspring, the “older” parent
individuals are not retained for the next generation. There are several factors that
influence the success of a selection method, including selection pressure. The selection
pressure is how likely the best individuals in the population are to survive the next
generation. Selection methods with a high selection pressure suffer from early
convergence to a local optimum. This is because a high selection pressure results in
diversity in the population decreasing too quickly. Again, like the crossover and mutation

operators, there are a few standard selection methods.

Elitist selection is a relatively simple selection process, whereby the elite individuals
in the top x percent of the population are used as parents and kept for the next generation,
while the remainder of the population is discarded (Fig. 2-19). Elitist has a high selection
pressure, and with only a small percentage of elite individuals kept it has a high
probability of premature convergence. The percentage of individuals kept can be

increased to counteract this but it will still likely loose diversity faster than other selection

methods.

Top x%

Individuals
selected

selection
Population )y
Discarded
Individuals

Fig. 2-19 Elitist selection method

37



Roulette wheel selection works by assigning a probability (portion of the roulette
wheel) which determines the likelihood of a given individual of being selected (Fig. 2-2).
The probability is generally calculated by the ratio of an individual’s fitness to the average
population fitness. After the probabilities are assigned, the wheel is “spun” (a random
value is generated), and the region in which the value lies determines the selected
individual. The “wheel is spun” repeatedly until the required number of parents is
selected. This method means that individuals with high fitness have a high chance of
selection, but the low fitness individuals also have a chance of selection unlike in elitist.
When using roulette wheel selection diversity can be maintained as the population isn’t

forced to converge to the high fitness individuals.

Selected Indivdual

Fig. 2-20 Roulette wheel selection method

Rank-based selection is a very similar alternative to roulette wheel selection. Like
roulette wheel selection each individual has a probability of selection, but the probability
is determined by the individuals rank in the population rather than the magnitude of its
fitness. Each individual rank is unique, meaning that individuals with the same fitness
can’t have the same rank. When the population is ordered by fitness the rank of the
individuals with the same fitness will come down to how they were shuffled by the sorting

algorithm employed.
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Tournament selection uses a format similar to a sports tournament, where
tournaments are executed between the individuals of the population. The tournament
process works by dividing the population into small groups, each of these small groups
undergoes a mini tournament until one individual is left. The winners are combined again
to form the parents to reproduce and carry on to the next generation. The number of
individuals in each of the groups that compete is called the tournament size, this can be
two (binary tournament) or more individuals. Binary tournament selection (Fig. 2-21) is
the most common implementation of this strategy, because a) the simplicity of its
implementation and b) having a larger tournament size increases the probability that

diversity is lost [67].

Randomly ordered
Population  Binary Tournament

Selected Individuals

50 Winning
Individuals

Fig. 2-21 Tournament selection method, showing a binary tournament example with 100 individuals

Outside of these standard selection methods there are several other approaches,

including scaling, steady state, hierarchical and fitness uniform selection.
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Evolutionary Strategies

Evolutionary strategies were developed in the 1960s and 1970s from research
conducted by Rechenberg[55] and Schwefel[56]. Their research investigated evolving the
shape of drag bodies in a wind tunnel. ES like the GA are based on the Darwinian
concepts, and as such have similar stages for reproduction and the selection processes.
ES work by performing crossover and mutation operators using L parents to create A
offspring [57]. There are two main forms of ES which have distinct selection processes,
(u, A) and (n+ A).

e (u, A): works by selecting p individuals from the offspring to be the parents of

the next generation.

e (u + A): works by selecting p individuals to be the parents of the next
generation, the individuals that can be selected from are both the offspring and

the parents of the current generation (Fig. 2-22).
Not all ES implementation utilize crossover, they mainly rely on mutation of parent
chromosomes using values from a gaussian distribution. Because of this ES typically

utilize an adaptive mutation rate, based on the rate of fitness improvement.

Create random population of size u

¥

Reproduction to
generate A offspring

v

Fitness
calculation

¥

Select u individuals from
(u+A) for next generation

v

End Evolution

v

Optimal fitness check
No Yes

Fig. 2-22 Standard process for (un + ) Evolutionary Strategies
ES can be used for applications with discrete, combinatorial and real valued search
spaces, but they are best suited to unconstrained real valued search spaces. However, ES
have been used in the EHW field for the evolution of the EHW bitstream[15, 26, 27]

which is a combinatorial search space with discrete values.
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Differential Evolution

The GA and ES are predominantly used in the EHW field for the optimisation of the
EHW bitstream. However there has been research investigating the use of other EAs such
as differential evolution [68]. DE proposed by Storn & Price [58] follows some of the
same evolution theories as genetic algorithms but takes a different approach using
operations better suited for real valued vector solutions, opposed to GAs which uses the
concepts of genes and chromosomes that define a solution in a particular search space.
DE is considered to be simple to implement compared to other EA[69]. Like the genetic
algorithm, DE is an iterative process trying to improve individuals in a population of size
N but instead of following the idea of reproduction and crossover of parent’s genes to
develop children (new trial solutions) it first works on generating a donor vector Vi for
each individual Xi in the population based on a difference weight F and the combination
of other individuals. Crossover then occurs between the individual Xi and its donor Vi to
generate a trial solution Ui based on the crossover probability CR, if the fitness

f(U1)>=f(Xi) then Ui is kept and replaces Xi in the population[70].

Create random population of size n

v

Initial Fitness calculation

v

Optimal fitness
check

No*

For each individual Xi in population —l

A 4

End Evolution

Yes

~

Create Donor Vi

¥

Crossover to form Ui

¥

Calculate Ui fitness

¥

If Ui>Xi then replace Xi with Ui

Fig. 2-23 Differential Evolution algorithm
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Particle Swarm Optimization

PSO is a nature inspired optimization algorithm that loosely mimics the social
behaviour of a flock of birds. However, it does have similar process to EAs such as the
GA, ES and DE discussed, whereby a population is updated in a generational manner
using techniques akin to crossover and mutation. The algorithm was originally introduced
by Kennedy & Eberthart [62]. Like other EAs, PSO is an iterative process with a random
population that is manipulated and updated continuously until the algorithm converges to
an optimal solution. In the PSO algorithm the population represents a set of candidate
solution thought of as particles with a position in the search space along with a velocity
describing the particles movement through the search space. At each iteration of the
algorithm the position of the “particles” is updated based on a velocity calculation which
is formulated from the particles personal best position, the populations global best
position and the adaptive inertia[71](weighted influence of previous velocity) of the

particle.

Create n random particles

V

Fitness calculation %

¥

Update all particles
personal best fitness

.4 Update Particle
Set global best Positions
fitness Y Y
v
Optimal fitness .| Update Particle
check No Velocities
Yes

A 4

End Evolution

Fig. 2-24 Particle Swarm Optimisation algorithm
PSO has been used in the EHW field for the evolution of digital circuits[68, 72], but
like DE it is not used to the extent of the GA and ES.
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Chapter 3

Chapter 3: The Virtual Programable Logic Device
This chapter introduces the VPLD. In subsequent chapters the VPLD is evaluated by

simulations and experiments for applications in robotic control and pattern recognition.

3.1. Overview
The aim of the VPLD is to move from an FPGA based hardware solution used in EHW

to a software solution that can run on a standard CPU providing: 1) improved speed of
optimization in robotic control applications; 2) reduced system complexity and 3) high
cost associated with the development of EHW. To achieve this, the VPLD is to be based
on the structure of a PLD but implemented in software rather than hardware. A PLD is
an integrated circuit (common families are the CPLD and FPGA) which use configurable
routing and logic elements comprised of a lookup table to create digital electronic circuits.
The function of the PLD is determined by a configuration bitstream (CBS) which is used
to configure the internal routing and LUTs. These reconfigurable ICs are used in the field
of EHW to evolve electronic circuits for a variety of applications, including robotic
control and pattern recognition. Like the PLD based EHW, a VPLD is required to be a
reconfigurable architecture, that takes an array of inputs and produces an array of outputs
that could be used either for the control of a robot, or to classifier data into separate
categories for example. The VPLD configuration is to be optimised using machine

learning algorithms such as EAs used to optimize EHW.

By using a software implementation, the VPLD system complexity will be reduced
compared to the EHW, as the multiple programming environments with the need for both
software and hardware languages can be replaced with a single programming
environment and any standard programming language. Also, the software implementation
of the VPLD will have a reduced cost compared to the EHW, as it can be implemented
on any off the shelf platform and doesn’t require expensive custom hardware. These

proposed advantages are discussed further in section 3.7.
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3.2. VPLD Architecture Design
The VPLD (Fig. 3-1) is a software architecture comprising of a two-dimensional feed-

forward array of functional array blocks (FABs) grouped into vertical columns called
layers. This is based on the hardware architecture of the PLD, which utilizes a two-
dimensional array of configurable logic elements. Each FAB contains; 1) a multiplexer,
and 2) a function element (FE), which is a table of selectable functions. The multiplexer
selects inputs from the preceding layer, while the function element performs the selected
operation on the data coming from the multiplexer. The outputs of one column of FABs
connects to the inputs of the following column of FABs. The operation of the VPLD is
determined by a configuration bitstream which configures the multiplexers routing and
FEs of each FAB. The VPLD can be configured using machine learning optimization
algorithms such as those used in evolutionary computation, i.e. genetic algorithms,

differential evolution, particle swarm optimization etc.
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Fig. 3-1 Virtual Programmable Logic Device showing FABs placed in Cartesian array with internal
multiplexer and function elements configured by the CBS

The VPLD FE like a PLD uses binary data and digital logic functions utilizing standard
logic operators (NOT !, AND &, OR |, and XOR *). Alternatively, the FE can also use
floating point data and functions utilizing the standard mathematical operators such as
addition, subtraction, and multiplication. Floating point arithmetic and mathematical
operators can be implemented in hardware, but the implementation is very complex and
uses a lot of resources on the FPGA. In software using floating point data and
mathematical operators is trivial. In this research when comparing a VPLD using digital
logic, and a VPLD using floating point arithmetic, they are denoted as a digital VPLD
(D-VPLD) and floating point VPLD (F-VPLD) respectively.
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3.3. VPLD Architecture Model
The VPLD consists of a two-dimensional array of function array blocks arranged in a

series of layers to form a feed forward architecture, mathematically the VPLD denoted
by the function v with m layers can be described as the composition of a series of vector

functions as shown below. Let 1,,, denote a layer, and f;, denote a function array block.

V(.X',S) = lm o ....0 lz o ll (31)

V1
vix,S) =1L,(....,,(x,R)),R,),R)) =y = [ : ] (3.2)
Yp

where v(x, S) is the function describing the VPLD with two inputs, 1) data vector x, and
2) configuration § = [Ry, R,, .... R,,] which is a set of matrices (one for each layer) used
to store the configuration bitstream. The VPLD outputs the vector y with size p, which

is equal to the number of FABs in the final layer.

The vector of functions that describes a layer with n FABs,
fi(x, Ry ) (3.3)

fn (x’ .Rm,n)

has input vector x size ¢ for the first layer, for the proceeding layers the size of the vector

lm(x: Rm) =

x is equal to the number of FABs # in the previous layer (m — 1).

Each FAB can be defined as a multivariate piece-wise function when using digital

logic (D-VPLD),

(Xa& xp) " (xclxa), 2

0 (3.4)
(& xp &x.&xy), A=1

fn(x' Rm,n =[a,b,c,d, /1]) =

(xg" xp)&(x"xg), A =20

and floating-point arithmetic (F-VPLD),

(gt xp) (xc—xq), 1=0 (3.5)
fn(x: Rm,n = [a,b, C, d,l]) = (xa+ xb + xc+ xd), A = 1

(xq " xp) = (% xq), 4 =20
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where a, b, ¢, and d are the four multiplexer configurations for the respective FAB 7 in
layer m, and A is the function element configuration for the respective FAB 7 in layer m.

The parameters a, b, ¢, d, and A make up the configuration of the respective FAB.

From the VPLD model, the three main hyperparameters of the VPLD architecture are
a) number of layers m, b) number of FABs within each layer n, and c) type of function
in the array block, and whether it is digital or floating-point. The functions in the function
element LUT are required to use the datatype of the architecture (digital or floating point)
but the number of functions and the number of variables in each function can vary,
making these also hyperparameters of the VPLD. The number of variables used in the
function element sets the number of multiplexers required for each FAB, functions that
use four variables such as A+B+C+D require four multiplexers, functions such as A+B-
C would only require three. In this research experiments are conducted investigating the
major hyperparameters a) number of layers, b) number of FABs, c) types of functions

used in a function array block (Chapter 6).

3.4. VPLD Implementation
An example VPLD diagram is shown below (Fig. 3-2), with 2-layers, 8 FABs in layer

one and 5 FABs in layer two. Each FAB has a FE with 21 digital functions (Table 3-1)
and requires four multiplexers (Fig. 3-3). This VPLD has a 16-bit input and a 5-bit output.
For this architecture, the hardware equivalent would require a 253-bit CBS, 21-bits for
each layer one FAB, and 17-bits for each layer two FAB.

Example VPLD Controller
Layer 1 Layer 2
16 1 8 1
—7> | FAB1 [} > 7> | FAB1 |}~
16 1 8 J
—>| FAB2 |} > | FAB2 |
16 16 8 5 5
— = ——>
Input Output
16
—>
1 8 1
FABS > +»| FABS5 J=—»
383 168 + 851
CBS "

Fig. 3-2 Example VPLD Architecture
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Fig. 3-3 Example FAB Architectures
Table 3-1 VPLD Function Element LUT example

No. Function No. Function

0 (A&B)MC|D) 11 (!A)&B&C&D
1 A&B&C&D 12 | A&(!B)&C&D
2  |(A&B&C&D) 13 | A&B&(!C)&D
3 A|B|C|D 14 A&B&C&(!D)
4 I(A|B|C|D) 15 (A|B)&(C|D)
5
6
7
8
9

(A&B)|(C&D) 16 (A|C)&(B|D)

(A&C)|(B&D) 17 @ (A|D)&(C|B)

(A&D)|(B&C) 18  (AMB)&(CAD)

(A&B)A(C&D) 19 @ (AAC)&(BAD)

(A&C)MB&D) 20 = (AAD)&(C"B)

10 (A&D)(B&C)

The EHW equivalent of the above architecture would be created using a HDL program
and implemented on a FPGA. In software, the VPLD can be implemented as a module

with a set of layers that can be executed sequentially for a given input and configuration

bitstream to generate an output. Each layer contains a set of FABs.

In this research the VPLD is implemented using functional programming in python,
the VPLD is executed as a set of functions (Fig. 3-4 - Fig. 3-6) where the input and
configuration is passed as inputs. A functional programming approach was chosen over
an object-oriented approach because of the way python manages instances of class objects
in memory, when using the object-oriented programming paradigm in python it slows

down the execution of functions when looking up class parameters.
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The downside to the VPLD implementation is when running on a CPU each FAB is
executed sequentially, opposed to the EHW where the logic elements in each layer
execute in parallel each clock cycle. However, this is outweighed by the speed gained

when running the VPLD in the same native environment as the robotic simulations.

Algorithm 1: Function for the VPLD execution

Function: feedForwardVPLD (input data, cbs)

input_data - data to use for control or classification, i.e. IR sensors, encoders, image data etc.

cbs — configuration of the VPLD architecture

[a—

for layer cbs in cbs:
2 output_data=feedForwardLayer(input_data,layer cbs)
3 input_data= output data

4. end for
5

return output data

Fig. 3-4 Pseudo Code of the VPLD feedforward function

Algorithm 2: Function for a VPLD Layer execution

Function: feedForwardLayer (input data, layer cbs)

input_data — the original input data if the first layer, or the output data from the previous layer,

passed from feedForwardVPLD ()

layer cbs — configuration of the respective layer

f—

for fab_cbs in layer cbs:
2 output data=feedForwardFAB(input data,layer cbs)
3 input_data= output data

4. end for
5

return output data

Fig. 3-5 Pseudo Code of the VPLD layer feedforward function
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Algorithm 3: Function for a FAB execution

Function: feedForwardFAB (input data, fab cbs)
input_data — the original input data if a first layer FAB, or the output data from the previous
layer, passed from feedForwardLayer ()

fab_cbs — configuration of the respective FAB

1.  mux cbs, fe cbs=fab cbs

2. selected data=multiplexer(input_data, mux_cbs)

3. output data =functionElement (selected data, fe cbs)
4. return output data

Fig. 3-6 Pseudo Code of the Function Array Block feedforward function

The FABs function element operation can be defined as a set of case statements where

the state is defined by the FABs function element configuration (Fig. 3-10).

Algorithm 4: Function Element Lookup Table

Function: functionElement (selected data, fe cbs)
selected_data — the data selected by the multiplexer, passed from feedForwardFAB ()

fe_cbs — configuration of the respective function element

1. A, B, C, D =selected data

2 switch fe_cbs:

3 case 0:

4. output = (A&B)(C|D)
5 case 1:

6 output = A&B&C&D

7. case 19:
8. output = (A"D)&(C"B)
9. end switch

Fig. 3-7 Pseudo Code of the VPLD layer feedforward function
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The VPLD configuration bitstream is stored in sets of two-dimensional integer arrays,
one two-dimensional array of integers is used to store the configuration of a layer (Fig.
3-8). The CBS for the example architecture (Fig. 3-2) is shown in Fig. 3-9. Each row
contains the configuration for one FAB, being the configuration of the multiplexers and

the function element (Fig. 3-10).

FAB1 | — MUXA || MUXB || MUXC | MUXD FE

FAB2 | — MUXA | |MUXB || MUXC| MUXD FE

FAB3 | — MUXA||MUXB || MUXC | MUXD FE

FAB4 | — MUXA||MUXB || MUXC| MUXD FE

FABS5 | —MUXA | MUXB| MUXC| MUXD FE

2D Integer Array

Fig. 3-8 CBS for a VPLD layer, 2D Integer Array

FAB2 | — MUXA MUXB||MUXC MUXD|| FE FAB2 = MUXA|MUXB |MUXC|IMUXD | FE
FAB3 | —MUXA| MUXB | MUXC MUXD| FE FAB3 — MUXA|MUXB | MUXC|MUXD| FE

FAB4 |— MUXA| MUXB | MUXC| MUXD FE

FABS | — MUXA | MUXB | MUXC MUXD| FE sk *{MUXA MUXBLMUXC BURD) | FE

Fig. 3-9 Complete CBS for example VPLD showing the configuration for the 8-5 architecture
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Fig. 3-10 CBS-FAB relationship

3.5. VPLD Optimization
The VPLD like other machine learning architectures, such as an ANN, use

optimization algorithms to generate configurations such that the VPLD can be configured
to optimally perform the given task. The VPLD is not differentiable as it is not continuous,
therefore gradient descent approaches used to train ANNSs such as stochastic gradient
descent and other adaptations such as ‘Adam’[73] cannot be used. However, nature

inspired optimization algorithms such as evolutionary algorithms can be used to optimize
the VPLDs CBS.

Primarily GAs and ES have been used in optimizing EHW in robotics and other
domains. In this study GAs are chosen to optimize the VPLD as GAs are better suited to
the optimization of discrete combinatorial chromosomes such as the VPLD CBS, whereas
ES are primarily used in real valued unconstrained optimization. In future work a
comparison of GAs, ES and other evolutionary algorithms such as differential evolution

and particle swarm optimization could be investigated.
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The GA originally introduced by Holland through his work on adaptation in natural
and artificial systems[59-61], is one of many evolutionary algorithms inspired by Charles
Darwin’s theories on natural evolution [19]. The genetic algorithm has three main stages;
1) fitness assessment, where in the case of robotics trial individuals are evaluated
(typically in simulation) for the given task; 2) selection, where the fittest individuals are
chosen to survive to the next generation and/or to participate in the final step; 3)
reproduction, where typically the fittest individuals chromosomes undergo crossover and

mutation operators to generate new offspring for the next generation (Fig. 3-11).

Create Initial
Population

'

»[Calculate fitness]

Optimal fitness? Abm
Yes
No‘

Randomly order
population D

!

\
( Selection
1 ,

Reproduction

Fig. 3-11 Genetic Algorithm showing the iterative process of fitness assessment, selection, and
reproduction.

The selection method used can have a large impact on the evolutionary efficiency
(generations and computation time to evolve) of the EA system. Many selection methods
have been devised including elitist, roulette, rank and tournament selection. In this
research, tournament-based selection methods are used, these are discussed in more detail
in subsequent chapters.
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Tournament-based selection is chosen as it is a well-known selection method used in
GAs, it is highly effective requiring fewer generations to evolve solutions than other
methods such as roulette [74]. Also, binary tournament selection is the most common
implementation of this strategy, because; a) the simplicity of its implementation; and b)
having a larger tournament size increases the selection pressure, this means the chance of

the population losing diversity is increased[67].

The reproduction stage of the GA requires the crossover of parent chromosomes with
mutation to generate offspring. As with the selection method, there are a variety of
crossover methods, including one-point, two-point, multi-point and uniform crossover. In
this research multipoint crossover is used, the advantage of multipoint crossover
compared to other crossover methods is it allows for more of the search space to be
explored, this is because a higher fidelity crossover will make new combinations/strings
of genes within the chromosome. However, this can also be destructive at the end of the
evolution when useful strings/combinations of genes are lost during crossover. The
purpose of mutation in the reproduction stage is to maintain the diversity of the
population, also due to the first generation individuals being randomly generated, it may
add genes that are not present in the initial population. A low mutation rate is typically
chosen in the range of 0.1% to 3%, a low mutation rate aids the search for an optimal
solution. An excessive mutation rate would be overly destructive of the chromosome,
resulting in useful genes from past parents being lost.

3.6. VPLD EA Implementation

The VPLD EA implementation (Fig. 3-12) requires a single programming
environment. All the code is written in Python running on Visual Studio Code. Three
software scripts are required; 1) the GA program to perform the optimization of the VPLD
configuration bitstream; 2) the robot simulation used to test the fitness of individuals; and
3) the VPLD controller. These python scripts are optimized with the use of NumPy (a
high-level mathematical library) and Numba (a JIT compiler that is used to translate some
python methods into machine code using LLVM). To test the fitness of an individual, its
chromosome is used to configure the VPLD, and the simulation is run to determine the
individual’s fitness. The simulation provided the inputs to the robot and the VPLD
provided the outputs back to the simulation to determine the next state of the robot, this
cycle is repeated until the simulation period ends. At the end of the simulation the fitness

of the individual is calculated based on its performance.
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Fig. 3-12 VPLD EA Implementation for robotic control
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Fig. 3-13 EA Implementation for hexapod gait evolution. Top left) evolved gait, bottom left) trialling
evolved gate in PyBullet, and right) GA running evolution of VPLD CBS for hexapod gait control.

This VPLD EA implementation can be compared to the equivalent EHW
implementation (Fig. 3-14). The EHW implementation is more complicated compared to
the VPLD, requiring more resources and uses both software and hardware programming
languages. The hardware used in this research is the DE10 Nano board incorporating a
Cyclone V FPGA with a SoC ARM processor. The GA and robot simulation are Python
scripts similar to those used by the VPLD and are executed on the SoC ARM processor.
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The EHW IP is written in Verilog using the Altera Quartus IDE, also requiring
Platform designer to design the architecture of the system including the HPS, clocks, PIO
ports and the associated interconnections. An interface between the SoC processor and
EHW is written in software to use the AXI lightweight bridge, which is the interface
between the hard processor and the FPGA fabric within the Cyclone V chip. To control

this interface an additional set of methods on the ARM processor is required.
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Fig. 3-14 EHW EA Implementation for robotic control

As can be seen the EWH system is significantly more complex than the VPLD system,
when a researcher wants to make any alterations to the design, it may require changes to
the EHW system at multiple levels; i.e. changes to the EHW architecture will require
changes to the system design, the interface between the FPGA fabric and ARM processor,
and possibly the GA. Making such alterations to conduct new experiments is a time-
consuming process slowing down research. Also, compiling the HDL used to configure
the FPGA takes several minutes. The complexity also poses a risk of introducing errors
into the system with multiple different components all required to carry out a single
operation, including a) the custom IP defining the EHW, b) the program used to interface
the processor and FPGA, c) the GA code managing the chromosomes of the individuals,

and d) the system architecture defined in platform designer.
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3.7. Discussion
Chapter 3 has introduced the VPLD architecture, detailed its implementation, and also

covered its optimization using evolutionary algorithms. From this chapter potential
advantages of the VPLD over the EHW have been identified as well as some possible
disadvantages. A minor disadvantage of the VPLD is because it runs on a CPU each FAB
is executed sequentially, opposed to the EHW where the logic elements in each layer
execute in parallel each clock cycle. Meaning the process of feeding forward data from
input to output in hardware on the FPGA fabric will be faster than in software. When only
taking into account the execution of the EHW and VPLD architectures, typically the
EHW on a FPGA will have a response time in the realm of a few nano seconds (40ns for
a two layer architecture not including pre and post processing of I/O data), and the VPLD
will have a response time of a few micro seconds (27us using python programming,
including pre and post processing of input data). In most applications where the evolved
controllers are deployed the slower response time of the VPLD is irrelevant. The
difference in response time is also irrelevant during optimisation as the VPLD interfaces
directly with the software simulation, whereas an EHW controller on the FPGA fabric
must transfer I/O data to the simulation and receive trial configurations from the EA, both

of which will be running externally either on an embedded arm processor or on a PC.

Even though the propagation delay of the VPLD may be slower than EHW, having the
VPLD in software does give rise to a number of potential advantages including, a)
reduced system complexity, b) a faster evolutionary time, c) the use of floating-point
variables and mathematical functions, d) reduced cost, and e) a large range of processor
based devices for deployment. Each of these hypothesised advantages are detailed further
below. The advantages and disadvantages of the VPLD will be evaluated in subsequent
experimental chapters.

3.7.1 Reduced system complexity

The VPLD EA system is much simpler than the EHW implementation, as the GA,
simulation, and the VPLD itself can be implemented on a PC (or any other processor
based device) using one integrated development environment and one software language.
Whereas the EWH EA system is implemented on a FPGA requiring several elements
including the EHW IP written in a hardware descriptive language, system design to be
implemented on the FPGA, and software for the on-board SoC processor to run the

simulation and GA.
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3.7.2 Speed of Evolution
The VPLD can run natively on a PC for training which has significantly higher

computing performance compared to EHW. The EHW training takes place typically on a
hardcore processor embedded within the FPGA or softcore processor running on the
FPGA. However robotic simulations are slow to run within the FPGA environment due
to the lower computer performance. Alternatively, the simulation could be run on a PC
and the chromosome downloaded to the FPGA. But this results in a substantial bottleneck
in the evolution process. This problem is exacerbated with more complex EHW
architectures requiring a larger configuration bitstream resulting in a very slow

optimization process.

Having the VPLD running in the same environment as the simulation, (as done with
ANNS) it is expected to improve the speed of evolution. This is investigated in the
experiment conducted to validate the VPLD architecture in comparison to the EHW
(Chapter 4). It is expected that the VPLD is faster to evolve for the robotic control
application due to the simulation, GA and VPLD running on a single processor that has
more cores, and higher clock speeds than that of a FPGA running a SoC processor and
requiring to externally interface to the EHW implemented on the FPGA fabric.

3.7.3 Floating-Point variables and Algorithms

The VPLD can easily use floating point variables and perform arithmetic operations
enabling the function elements to be expanded from simple logic to include more complex
mathematical functions which could improve scalability of such an architecture for
common machine learning problems in robotics and pattern recognition. Although the use
of floating-point arithmetic is possible in the FPGA fabric, it consumes a lot of resources
on the FPGA due to the implementation of a floating-point unit for every mathematical
operation. This quickly becomes a problem as the architecture scales. The VPLD using
floating-point arithmetic is investigated and compared with the use of digital logic in

subsequent chapters.
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3.7.4 Reduced Cost and Increased Portability
The VPLD unlike EHW doesn’t require a complex FPGA development board or a

custom motherboard to be developed both of which are costly resources. Instead, it has
the ability to be deployed on a wide range of platforms including PCs, mobile phones,
ARM based embedded systems such as the Raspberry Pi, or low-cost microcontrollers
such as the ESP32. A cost comparison of some development boards that can be used to

implement the VPLD and EHW are shown below (Table 3-2 and Table 3-3).

Table 3-2 Price comparison of FPGA devices used in EHW research

Item Cost (USD)
Terasic DE10 Nano — ARM-A9 dual core 800MHz (used in thesis) $225
Terasic DE10 Standard — ARM-A9 dual core 925MHz S500
Digilent Xilinx Cora — ARM-A9 single core 667 MHz $166
Digilent Xilinx Zynq — ARM-A9 dual core 667 MHz $589

Table 3-3 Price comparison of CPU based devices used for the VPLD Research

Item Cost (USD)
Raspberry Pi 4 — ARM-A72 quad core 1.8GHz(used in thesis) = $35
Raspberry Pi 5 — ARM-A76 quad core 2.4GHz $89
Raspberry Pico ARM-M33 dual core 150MHz S6

ESP32 RISC-V single core 160 MHz, S9

The Raspberry Pi is often the main controller in low cost ready to run robotic platforms
such as the Turtlebot[75] robot series of mobile robots (Fig. 3-15). Research projects
looking at low-cost robotics platforms for research and education have used the Raspberry
Pi as the main controller, including for quadrupeds[76-78] and mobile robot
platforms[79-83]. The VPLD can also be implemented on extremely low-cost

microcontroller driven robots that use platforms such as the ESP32.

TurtleBots TurtleBots

@> Burger @) waffle Pi

Fig. 3-15 Turtlebot3, developed for use in research and education. Adapted from[75]
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3.7.5 System Overhead

As the VPLD is a software implementation of a hardware-based architecture, a degree
of overhead is introduced through the virtualisation of logic, routing, and configuration
mechanisms. In the VPLD, function elements, interconnections, and configuration
bitstreams are represented and evaluated in software, requiring sequential execution on a
processor rather than parallel execution in dedicated hardware. This results in a increase
in computational workload during the feedforward operation when compared to fixed
software controllers or highly optimised artificial neural network implementations. In
particular, the evaluation of function element look-up tables and the traversal of the
VPLD layers contribute to a increase in propagation delay. The VPLD is executed in the
order of microseconds, whereas the EHW on the FPGA fabric executes in the order of

nanoseconds, but for the EHW this does not consider the integration with other systems.

However, this overhead must be considered in the context of the overall system design
and the alternatives it replaces. Compared to evolvable hardware systems implemented
on FPGAs, the VPLD avoids the substantial overhead associated with hardware
description, synthesis, compilation, and configuration, as well as the communication
latency between a processor and the FPGA fabric. By executing entirely within the
processor domain, the VPLD removes these bottlenecks and enables rapid
reconfiguration during optimisation. While additional memory is required to store the
VPLD configuration bitstream and architectural parameters, this requirement is minimal
on modern CPU-based platforms and does not impose a practical limitation for the

applications investigated in this research.

Importantly, the system-level overheads introduced by the VPLD do not adversely
affect the response time requirements of the target application domains. For robotic
control tasks, controller execution should occur on the order of milliseconds, which is
well within the timing constraints of the platforms used. Similarly, for pattern recognition
applications such as melanoma classification, inference operates on timescales of
seconds, where the additional computational overhead introduced by the VPLD will be
negligible relative to the overall processing pipeline. As such, the overheads associated
with the virtualisation of the programmable logic architecture will not limit the practical
deployment of the VPLD for the robotic control and pattern recognition problems

considered in this thesis.
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3.7.6 Power Consumption

Power consumption is an important consideration in many embedded and hardware-
based systems, particularly where devices are energy constrained or battery powered. In
the context of evolvable hardware, low instantaneous power consumption is often cited
as a benefit of FPGA-based implementations due to their ability to exploit hardware
parallelism. However, power consumption must be considered alongside execution time,
system complexity, and architectural flexibility to provide a meaningful assessment of

overall efficiency.

The VPLD is designed as a software-based implementation of a programmable logic
device, intended to operate on general-purpose processors across a wide range of
platforms. As a result, the VPLD does not primarily target minimum instantaneous power
consumption, but instead focuses on reducing architectural complexity, improving
portability, and enabling fast reconfiguration during optimisation. While processor-based
platforms typically exhibit higher peak power consumption than FPGA-based systems,
they benefit from significantly higher clock frequencies, mature compiler toolchains, and
efficient execution of complex control and optimisation algorithms. From an architectural
perspective, the VPLD can be advantageous in terms of energy efficiency when execution
time is considered. By executing entirely within the processor domain, the VPLD avoids
the additional overhead associated with hardware configuration, inter-device
communication, and synchronisation between processors and reconfigurable fabric. This
enables faster evaluation of candidate solutions during evolution, which in turn reduces
the total runtime of optimisation processes. As a consequence, although instantaneous
power consumption may be higher than that of hardware-based evolvable systems, the

overall energy required to complete an evolutionary task can be reduced.

In addition, for robotic platforms, the power consumption of the control system
represents only a small fraction of the total system power budget. In mobile robots, the
dominant contributors to power consumption are typically the actuators rather than the
onboard computation. In the case of the hexapod robot used in this work, the system
employs eighteen motors, each of which consumes power on the order of watts during
operation. In comparison, the low power consumption of the processor executing the

VPLD is negligible in the context of the overall robot power draw.
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Chapter 4

Chapter 4: Virtual Programmable Logic Device for

Robotic Control

This chapter investigates how the VPLD performs in comparison to ANNSs evolved for
robotic control. The chapter is broken up into two sections: 1) the gait control of a
hexapod robot; and 2) the autonomous navigation of a two-wheel drive mobile robot for
obstacle avoidance, light following and light following while avoiding obstacles. The first
section on evolving the gait of a hexapod robot is then broken up into two parts: 1) a
comparison of the VPLD with EHW for validation of the VPLD; and 2) a comparison of
the VPLD with an ANN. The second section on autonomous navigation of a two wheeled
robot performs only a comparison of the VPLD with an ANN. In the 2WD robot section
the expansion of the VPLD function element is investigated, specifically using floating-

point data and mathematical arithmetic in its functional elements.

The evaluation of the three controllers for the respective control problems is measured
by: 1) the evolutionary efficiency determined by the number of generations and time
required to reach an optimal solution; 2) the controller performance, how well the
controller performs the evolved task. The same GA is used for the evolution of the three

systems to create a fair comparison.
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4.1. Hexapod Robotic Control
This section describes in detail the system architectures and respective chromosomes

of the VPLD, EHW and ANN used to solve the hexapod control problem. The VPLD,
EHW and ANN are evolved using the same GA for the optimal gait of the hexapod, which
allows the robot to walk forward in a straight line maintaining a constant heading and
body attitude. The results of the controller’s evolution are analysed and used to draw
conclusions on the comparison of the VPLD with EHW, and the VPLD with an ANN for
robotic control. The performance of the evolved controllers is validated firstly in a

computer simulation of the robot, followed by practical implementation in the real robot.

As stated the first area of investigation in this chapter is the comparison between the
VPLD and EHW. The VPLD and EHW share the same architecture, meaning that the
operation of the VPLD and EHW are the same for the same chromosome, the only
difference being one architecture is executed in software and the other in hardware.
Therefore, the results of the experiments conducted should show that the VPLD and the
EHW have a similar controller performance and number of generations to evolve to a
solution. However, it is not expected that the results are identical due to the random
probability of the crossover and mutation of individuals chromosomes during the GA
process. The propagation delay of the VPLD and EHW is also investigated for this
problem, propagation delay is important in robotic control problems because the VPLD

propagation delay has to meet the timing constraint of practical applications.

The second subject investigated in this chapter is how the VPLD performs in
comparison to an ANN. The VPLD and ANN are compared in two different applications
in robotic control. For the hexapod control problem, the VPLD using digital logic
functions is compared to a feedforward fully connected ANN evolved using the same GA.
This experiment is used to investigate if the VPLD can match the performance of an ANN

for a robot locomotion problem.
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4.1.1 Hexapod Robot
The hexapod robot is a legged robot locomotion problem, where the evolved systems

are required to optimally control the gait of the robot. An optimal hexapod controller
allows the robot to walk forward in a straight line maintaining a constant heading and
body attitude. A simulation of the hexapod robot is required for the evolution of the
VPLD, EHW and ANN controllers to evaluate individuals during the fitness assessment
process. The robot simulation is based on a physical hexapod robot (Fig. 4-1). This

physical robot is used to validate the evolved simulation controller’s performance.

Mother s Bluetooth
Board ~ X= % 3° . Module

Fig. 4-1 The physical hexapod robot that was designed at the Auckland University of Technology for
evaluation of EHW in real world applications

Robotic Platform

The physical robot is the Lynxmotion CH3-R Hexapod with custom electronics that
were designed by the author for the Auckland University of Technology. The intended
purpose of the hexapod is for the evaluation of EHW in real world applications. The
electronics incorporate a RN4677-V Bluetooth module for linking to a remote controller,
and the Terasic DEO-Nano board to control the servo motors. The Cyclone IV FPGA on
the DEO-Nano allows for all three controller types (VPLD, EHW and ANN) to be
compared on the same robot (Fig. 4-2). The EHW is implemented as custom IP on the
FPGA, and the VPLD and ANN are implemented in C on a NIOS-II softcore processor
running at SOMHz.
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Mathematical Model

A kinematic model of the hexapod robot is required for the fitness evaluation of the
controller chromosomes. The kinematic model of the leg is developed from geometric
analysis of the Lynxmotion hexapod robot (Fig. 4-1 & Fig. 4-2) which uses legs with
3DOF.

The equations (4.1) to (4.9) define the hexapod leg model where, positions H, K, F
and O are the vectors defining, the hip, knee, foot and leg origin respectively relative to
the origin of the robots body (Fig. 4-2). The robot dimensions are shown as the length of
the pelvis Lyepyis, the length of the femur lgpq,,, and the length of the tibia l;;,;4. The
three angles ¥, @ and f are the joint angles for the servos positioned at O, H and K

respectively (Fig. 4-3).
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Z-Axis

Fig. 4-3 Hexapod Robot Leg model

Hy, = 0, + lpelvis * cos(y)

Hy = Oy + lpelvis * sin(y)

Ky = Hy + lremyyr * cos(a) * cos(y)
K, = Hy, + lemuyr * cos(a) * sin(y)
K, = H; + lremyr * sin(a)

Fy = Ky + lipiq * cos(B) * cos(y)
Fy, = Ky + lijpia * cos(B) * sin(y)

F, =K, + lipia * Sin(ﬁ)

(4.1)

(4.2)

(4.3)

(4.4)

(4.5)

(4.6)

(4.7)

(4.8)

(4.9)
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Simulation

Two simulations are created: 1) a single leg simulation; and 2) a full robot simulation.
To reduce the evolutionary computation time, a single leg simulation (rather than the full
simulation) is used for calculating the fitness for the controllers during the evolutionary
process. The robots walking gait can then be produced using the evolved leg gait utilizing
alternate phases for each of the six legs. When testing an individual, the angular position
of the leg joints are stored in a matrix during the simulation step of the GA. The kinematic
equations are used to form a set of 3D cartesian coordinates to determine the trajectory of
the hexapod’s legs throughout the gait (Fig. 4-4). The angular and spatial position data is

used in determining the fitness of an individual’s gait.

508 o ~ _0.02
P2 xm] 006 o —0.03

0.10 —0.

Fig. 4-4 Leg simulation left) air phase, right) ground phase

The full simulation of the hexapod (Fig. 4-5) is made in PyBullet [20] and is modelled
on the AUT physical robot (Fig. 4-1). This simulation is used after the evolution process
is complete, this is so the evolved controllers for the VPLD, EHW and ANN can be

validated in software before being deployed on the real robot.

Fig. 4-5 PyBullet hexapod full simulation, modelled on the physical hexapod
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A practical application of EHW is fault tolerance, in future work the VPLD could be
investigated for use in fault tolerant robotic control. This physics simulation could be used
in future research as a training environment for the VPLD to adapt to mechanical and
sensor faults.

4.1.2 VPLD and EHW Control System Architecture

The top-level architecture for the VPLD and EHW control systems (Fig. 4-6) consists
of three identical units, each controlling one of the three servo motors in the hexapod leg.
The VPLD has three inputs to show the current state of the leg motion and three outputs
to control each of the three leg servo motors. The first input is the ground/air phase signal;
this is an 8-bit value that shows whether the leg is on the ground moving the robot forward
(0b00001111), or the leg is in the air moving back to repeat the cycle (Ob11110000). The
second input is a counter for the ten steps; this is a 6-bit value where the counter
increments in steps of 6 i.e. (6,12,18....60). The third group of inputs are logic zero and

one (1-bit each).

The controller has two outputs for each servo motor. The first output is a signed 5-bit
value that gives the angular change of the joint for the given step. The second output is a
4-bit prescaler value that is used to scale the magnitude of the angular change. The
combination of these two outputs gives possible outputs in degrees of -15 to +15

(prescaler=0) down to -0.9 to 0.9 (prescaler=15).

VPLD & EHW

8
Gnd/Air Phase——»

6
Gait Counter ——»

CBS

Fig. 4-6 Top-level view of the VPLD & EHW leg controller showing the architectures I/O
Several variations of the VPLD and EHW are investigated consisting of a) a five-layer
8-8-8-8-5 architecture and b) three, two layered architectures 20-5, 10-5 and 5-5 (Fig.
4-7). It is found that the 5-5 architecture is the best, therefore this architecture is discussed

in detail below. A comparison of all architectures evaluated can be found in section 6.1.
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VPLD and EHW Controller

8

—
Air/Gnd

6
—

Counter
16

—»
Logic O

—P
Logic 1

>

Prescaler
190

CBS

Y

Fig. 4-7 Two-layer (5 by 5) cartesian architecture. Layer one and two both contain 5 FABs
The architecture uses a FAB in the first layer, which contains four 16x1 multiplexers
and a function element. Each multiplexer selects 1-bit from the inputs that then gets fed
into the function element, the function element is a lookup table (Table 4-1) of 32 logic
functions whose 1-bit output is fed into the following layer. Each FAB requires a 21-bit
CBS, 16-bits for the multiplexers, and 5-bits for the functional element (Fig. 4-8).

FAB16to1l

Multiplexer
16 |5
7> | d

Function
Element

C: GGG
BN XX X
16 Multiplexer
16 |s,

Input +’ > L:, d_u_’ :
L7

21 G GGG

CBS el MRELY

Multiplexer

1
C b
Qutput

7 | d

€ G G Ca
B EEX:

Multiplexer
16 |5,

Y

d

GGGG

Basss: :

Fig. 4-8 The 16x1 FAB with a 16-bit input, a 1-bit output requiring 21 configuration bits
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The second layer FAB uses a 5x1 multiplexer to select one of the 5 outputs from the

first layer. The function element is the same as the first layer. The 5x1 FAB (Fig. 4-9)

requires 17-bits for configuration, 12-bits for the multiplexers and 5-bits for the functional

element. The complete CBS for the 5-5 architecture is 190-bits.

LAB5to 1

Multiplexer

5 |s
7> d
57

GGG

Multiplexer

I

IWultiplexer

5 s
.
T

5 d

Ci G G

| S Fff

5 |s
-

s: d

GGG

Multiplexer

| . Aff

L
L

Function
Elerment

1

e

Output

Fig. 4-9 The 5x1 FAB with a 5-bit input, a 1-bit output requiring 17 configuration bits

Table 4-1 VPLD and EHW Function Element LUT

No. | Function No. | Function

0 A 16 | (A&C)*(B&D)
1 B 17 | (A&D)*(C&B)
2 C 18 | (IA)&B&C&D
3 D 19 | A&(!B)&C&D
4 IA 20 | A&B&(!C)&D
5 B 21  A&B&C&(!D)
6 IC 22  (A|B)&(C|D)
7 ID 23 (A|C)&(B|D)
8 A&B&C&D 24  (A|D)&(C|B)
9 I(A&B&C&D) | 25 | (A”B)&(C”D)
10 A|B|C|D 26 | (AMC)&(BAD)
11 | (A|B|C|D) 27 | (AMD)&(C”B)
12 (A&B)|(C&D) 28 @ A&B

13 | (A&QC)|(B&D) 29 @ A&C

14 | (A&D)|(C&B) 30 A&D

15 | (A&B)MC&D) 31 (A&B)*(C|D)
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The output is a 5-bit signed value which is the combination of the five FABs outputs
in the final layer. This value is used to determine the angular change in position of a servo
motor. In this 5-bit value the MSB represents the sign and bits 3-0 are the magnitude of
the angular change. The magnitude of this value is first manipulated by a prescaler

ranging from 1/16 to 1 before the change in position is applied to the joint (4.10).

sgn(out[4]) * out[3: 0]
prescaler

Aposition = (4.10)

Chromosome

The VPLD and EHW share the same architecture, thus the chromosomes for both are
the same. The chromosome of the VPLD and the EHW is the configuration bitstream. A
two-dimensional array of integers is used to store the chromosome of each layer (Fig.
4-10). Each row in the array contains the CBS for one FAB, detailing the configuration
of the four multiplexers and the function element. Two of these two-dimensional arrays,
(one for each layer) plus a prescaler value make up the complete CBS for each VPLD
unit controlling one leg joint. (Fig. 4-11).

FAB1 | —{MUXA | MUXB || MUXC |[MUXD FE

FAB2 | = MUXA || MUXB || MUXC || MUX D FE

FAB3 | — MUXA || MUXB || MUXC |MUXD FE

FABn | — MUXA | MUXB || MUXC| MUXD FE

2D Integer Array

Fig. 4-10 Chromosome of VPLD & EHW layer, 2D Integer Array
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FAB3 | |
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MUX B
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FE

FAB 2

MUX A

MUX B

MUX C

MUX D

FE

FAB 3

MUX A

MUX B

MUX C

MUX D

FE

FAB 4

MUX A

MUX D

FE

FAB 5

MUX A

MUX D

FE

PSC

N
Iy
..__I.__/

Prescaler value

_/

Fig. 4-11 Complete chromosome for one joint in the VPLD & EHW units, showing the chromosome

for the 5-5 architecture

For the EHW its CBS is transferred from the GA running on the SoC processor to the

EHW through addressed PIO ports. Each bit of the PIO port is connected to a wire in the

multiplexer or FE within the FABs. Note the prescaler part of the chromosome is kept

inside the SoC processor.

The search space (4.11) for the VPLD and EHW unit CBS using the 5-5 architecture,

with each FAB containing 4 multiplexers and a FE with 32 functions, is 1.29 - 103,

L1 S N L2 s S
S= (Llinputs Mux )( LlfunctionsLlFE )(innputs Mux )( szunctionstFE ) (4'1 1)

Crossover

S =1.29-10%

S = (162%)(325)(529)(32%)

Single point crossover is used on each layer in the CBS; this can be considered

multipoint crossover when applied to each of the two-dimensional integer arrays that

make up the complete chromosome of a VPLD unit (Fig. 4-12). Across the three VPLD

units that make up a leg controller the crossover point is independent. A one percent

mutation rate is applied to the child chromosomes. For the prescaler value crossover, the

child chromosome will get the prescaler value of either parent one or parent two at an

equal probability. The prescaler also has a mutation rate of one percent. The crossover

and mutation algorithms are constrained to each joint, i.e. the configuration of the knee

joint of parent alpha can only be crossed over with the knee configuration of parent

gamma.
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Fig. 4-12 Crossover of VPLD & EHW layer and prescaler, example showing possible children and

mutation
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4.1.3 Genetic algorithm
The GA (Fig. 4-13) is used to evolve the controllers for the walking gait of the hexapod

robot. The gait is comprised of twenty steps split into two phases, 1) a ground phase where
the leg is supporting the weight of the robot and moving the body forward maintaining
the robots heading; 2) an air phase where the leg is lifted off the ground and returns to the
ground phase starting position without affecting the overall motion of the robot. For each
phase the servo motors are moved in ten steps. The ground and air phases of the gait are
evolved separately using the same GA. The same GA with a population of 100 individuals
is applied to all the controllers VPLD, EHW and ANN. The population size of 100 is
chosen to ensure a more diverse population particularly early in the evolution process.
Reduced population size may improve the computation time of the program per

generation but can reduce the evolutionary rate.

Initially all six legs are evolved to develop the gait and performance is determined
based on the movement of the robot with each leg. However, it was realized the movement
of only a single leg needed to be evolved to develop a suitable walking gait, because the
motion for all legs is fundamentally the same. The only difference between the motion of
the leg, is the phase of each leg during the walking gait. So, fitness is determined on the
motion of a leg rather than all six legs of the hexapod. The GA process is run until the
controllers that have reached an optimal fitness allowing the robot to walk forward in a

straight line while maintaining a constant heading and body attitude.

»E{andomly order populatioﬂ

Tournament 1
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)
J

Sers 50 Offsprlng
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Fig. 4-13 Full Genetic Algorithm using two stage binary tournament selection
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Reproduction and Selection

Reproduction uses multi-point crossover with a 1% mutation rate. The selection
process uses two stage binary tournament (Fig. 4-14). In this method, the population is
randomly shuffled, then put into the first tournament to compete individual versus
individual. The fifty winners of the competition have two outcomes: 1) they are used to
reproduce fifty children that compete in the second tournament; and 2) they are directly
carried on to the next generation. The losers of the first tournament and new children then
compete in a second tournament to select the remaining individuals that will survive for

the next generation.

50T1 Winners

50T2
Winners Form new
Tournament 2 population with T1
& T2 winners

50 Winners
reproduce
Calculate offspring
fitness

Randomly order
population

Tournament 1
50T1
Winners

50 Losers
]

Fig. 4-14 Two stage Binary tournament selection method

Tournament-based selection is chosen as it is a well-known selection method used in
GAs, it is highly effective requiring fewer generations to evolve solutions than other
methods such as roulette [74]. A binary tournament selection is the most common
implementation of this strategy, because a) the simplicity of its implementation and b)
having a larger tournament size increases the chances of loss of diversity [67]. The
mutation rate of 1% is chosen at a level that aids the search for an optimal solution but is
not overly destructive of the chromosome, this is important as a higher mutation rate will
make reaching the optimal solution difficult if useful genes past from parents are being
lost due to excessive mutation.

4.1.4 Fitness Evaluation

To reduce the “reality gap” between the robot simulation and the real robot, the fitness
functions are linked to the physical robot’s observed behaviour including servo motor
back-lash, accuracy, and “play”. Firstly, it was observed that the robot would sag when a
leg was lifted off the ground, therefore a minimum height is required when the leg was
lifted, and secondly the robot heading was affected by the trajectory of the leg, with a
symmetrical motion giving an improved heading. The following equations are used to

determine the fitness with a lower value showing a better fitness.
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Ground Phase Fitness

The factors used to determine the ground phase fitness are: 1) symmetry of the gait; 2)
the height is kept constant (smoothness); 3) the leg contributing to forward motion; and

4) physical limitations. This is shown in equation (4.12).

Fground = Fsymmetry + Fforward motion + Fsmoothnesss + thysical limits (4-12)

Symmetry fitness is quantified by checking if the selected start position of the leg is
the same as the end position except for the hip angle y which is the opposite sign,
implemented using an error squared function. Ideally for example if, Start Position, p =

[—80, 25, 20] the End Position, 0 = [—80, 25, —20], equation (4.13).

2 2
Fsymmetry = (lpal — |O-a|)2 + (lpﬁl - |JB|) + (I,Dyl — |Uy|) (4.13)

Forward motion fitness is quantified by three formulae: 1) Applying an error squared
function based on the start height, the average height, and the height at each step in the
gait of the foot. The foot must be pushing against the ground to contribute to moving the
robot forward (z = height). 2) Applying an error squared function based on the start x
position, the average x position, and the x position at each step in the gait. The foot must
maintain the same straight heading while pushing against the ground to contribute to
moving the robot forward. 3) Penalties are applied if the distance the robot is pushed
forward is below a set limit based on experimentation with the hexapod, equations (4.14)-

(4.17).

Fforwardmotion = Ffml + Ffmz + Ffm3 (4.14)
step 10 (4.15)
Ffml = 1% _Zavgl2 + |z _Zlol2 + Z |z; — Zavg 2
i=step 1
step 10 (4.16)
FfmZ = |Xo — xavglz + %o _x10|2 + 2 |x; — Xavg 2
i=step 1
Frm 3 = fixed penalty, for distance < LL (4.17)
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Smoothness fitness is quantified by applying fixed penalties for uneven jumps between
foot positions, in particular when the foot is not moved during a step, this prevents large
changes in position occurring to complete the gait (4.18). The vector Foot; describes the

foot position at a step in the gate 7.

step 10 (4.18)
Fomoothness = z fixed penalty, for Foot; = Foot;_4

i=step 1

Penalties are applied when a step in the gait contains angular positions that are not
physically possible as defined by equation (4.19). To improve the evolutionary efficiency
the maximum and minimum angles are set to values less than the true physical limits. The
specific limits of the joint angles are shown in (Table 4-2).

fixed penalty, for y > max or y < min

fixed penalty, for @ > maxor a < min (4.19)
fixed penalty, for f > maxor f < min

FPhysical limits =

Table 4-2 Maximum and minimum joint angle limits

Miny Max y Min a Max a Min 8 Max 8
—abs(yo) = abs(yo) _r r 3 _r
4 4 T4 4

Air Phase Fitness

The factors used to determine the air phase fitness are: 1) symmetry of the gait; 2) is
the foot lifted and put down smoothly; 3) the amount the leg is lifted; and 4) physical

limitations.
Fair = Fsymmetry + Flift + Fsmoothnesss + thysical limits (4'20)

Symmetry fitness is quantified by: 1) checking if the end position of the leg is the
same as the ground phase starting position, implemented using an error squared function
like the ground phase; and 2) ensuring the foot is at its highest position approximately at

the halfway point of the gait step n (n can be step 5, 6 or 7), equations (4.21)-(4.23).

Fsymmetry = Fsyml + Fsym 2 (4-21)
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Fsyml = (pa - Ua)z + (pﬁ - O’ﬁ)z + (p]/ —_ O'V)Z (422)

Fgym » = fixed penalty, for step nnot 5,6 or 7 (4.23)

Lift fitness 1s quantified by: 1) applying a fixed penalty if the middle step in the gait n
is below the start height of the foot; and 2) by checking the height of the middle of the
gait step » as this should be the highest point so will influence the height of the foot across
the gait. A fixed penalty is applied if the highest point of the gait is below a certain limit.
The lower limit (LL) was found from experimenting with models that were implemented
on the hexapod. The lower limit helps to prevent drag in the real hexapod, equations

(4.24)-(4.26).

Fiige = Fiige1 + Flifeq (4.24)
Fiife 1 = fixed penality, for z, < z, (4.25)
Fiife, = fixed penalty, for z, < LL (4.26)

Smoothness fitness is quantified by applying fixed penalties for erratic jumps between
foot positions. When the leg is lifted Foot; must be lower than Foot;, ; and when the leg

is being lowered foot Foot; must be higher than Foot;, { .

Fsmoothness = Fsm1+ Fsm2 (4.27)

stepn (4.28)
Fonq = z fixed penality,for 0 > |z; — z;_;
i=step 0

step 10 (4.29)
Fopo = Z fixed penality,for 0 < |z; — z;_4]
i=stepn+1

Physical limits fitness is quantified by servo angles which are possible. Fixed penalties

are applied when a step in the gait contains angular positions that are not possible (4.19).
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4.1.5 VPLD and EHW Implementation
The implementation of the EA for the VPLD and EHW follows the outline as described

in Chapter 3. The VPLD requires a much simpler EA environment, where all components
reside within the same system, the EHW on the other hand relies on multiple systems for

the implementation of its EA.

VPLD Implementation

The VPLD implementation (Fig. 4-15) requires a single programming environment
with all the code written in Python. Three software scripts are required: 1) the GA
program to perform the evolutionary process; 2) the hexapod simulation used to test the
fitness of individuals; and 3) the VPLD controller. To test the fitness of an individual, its
chromosome is used to configure the VPLD, the VPLD is then used to control the
hexapod in the simulation, the motion of the robot is recorded in the simulation to

determine the individual’s fitness.

PC

EA Environment

Input

Hexapod > VPLD
Simulation Output Controller

| Fitness

A 4

Calculate Genetic Chromosome
Fitness Algorithm

Fig. 4-15 VPLD EA Implementation for the Hexapod control problem

EHW Implementation

The EHW implementation (Fig. 4-16) is more complicated compared to the VPLD,
requiring more resources and the knowledge of both software and hardware programming
languages. The whole EA process is conducted on a DE10 Nano board which incorporates
a Cyclone V FPGA with a SoC ARM processor. Embedded Linux is used on the SoC
processor. The GA and hexapod simulation are Python scripts similar to those used by
the VPLD and are executed on the SoC processor. The EHW IP is written in Verilog
using Altera’s Quartus IDE, also requiring Platform designer to design the architecture of

the system including the HPS, clocks, PIO ports and the associated interconnections.
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An interface between the SoC processor and EHW is written in software to use the
AXI lightweight bridge, which is the interface between the hard processor and the FPGA
fabric within the Cyclone V chip. SSH interface is used for monitoring the EA process

and recording the results.

Cyclone V
Chromosome
FPGA Configuration — ARM Processor
caw o " Genec | -
Algorithm
PC Fitness
Hexapod EHW
Simulation
Control and
ontroand - ----- >-+9{ SSH Interface
Data logging

Fig. 4-16 EHW EA Implementation for the Hexapod control problem

As discussed previously, due to the system complexity, its challenging for the
researcher to make alterations to the EA environment because a change could require
alterations to the system at multiple levels. The complexity poses a risk of introducing
errors into the system with multiple different components all required to carry out a single
operation, including: a) the custom IP defining the EHW; b) the program interface the
processor and FPGA; c) the GA code managing the chromosomes of the individuals; and
d) the system architecture defined in platform designer. If there are errors in any of these
elements the EHW will not be configured correctly and may require extensive debugging

and investigation into all the elements involved to find the error.
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4.1.6 Results: VPLD and EHW Comparison
The experiments performed to evaluate the controllers are split into two parts; the first

is to determine which architecture for the individual VPLD and EHW controllers are the
best; and the second is to compare the performance between the best evolved controllers.
In this section the best controller architectures are compared, the results of the other

architectures evaluated can be found in section 6.1.

The controllers are evolved to produce an optimal walking gait for a hexapod robot
using the same GA. The walking gait allowed the robot to walk forward in a straight line,
maintaining a constant heading and body attitude. The leg motion is divided into two
phases; the leg on the ground moving the robot forward; and the leg in the air returning
the leg to the starting position. Each phase is evolved separately, with the leg motion of
each phase broken into ten steps. Three hundred solutions for each controller are evolved,
with the maximum number of generations limited to 500 for each phase. All controllers
use the same input data and are evolved to output a change in position of three servos in

the leg for each stage of the hexapod’s gait.

The parameters used to evaluate the controllers are: 1) evolutionary efficiency, (how
many generations and the computation time required to reach a solution); 2) the controller
performance, (the ability of the deployed controllers); and 3) the propagation delay

between the input and output of the controller.

Three platforms are used to implement the controllers (Table 4-3).

Table 4-3 Development platforms processor properties

Platform Controllers Tested on Hardware Description
Platform

Terrassic EHW Cyclone V FPGA Dual-Core Cortex-A9

DE10 Nano SoC hardcore processor (925 MHz).

Desktop PC VPLD Intel i7-11700k Octa-Core processor
(3.6 GHz)

Raspberry VPLD Quad-Core Cortex-A72 64-bit SoC

Pi 4 Model (1.5GHz).

B
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Evolutionary Efficiency

The graph of the fitness per generation (Fig. 4-17) for the VPLD and EHW shows the
improvement of controller performance (fitness) per generation and the evolutionary
efficiency (number of generations to reach a solution). The EHW and VPLD results are
very similar, as was previously stated this is because the GA, controller architecture and

chromosome are identical. Any differences in the results are due to the random initial

population, crossover, and mutation.
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Fig. 4-17 Comparison of VPLD and EHW best fitness per generation averaged over 300 runs

A table showing the number of generations (Table 4-4), shows that both the controllers

could obtain the required fitness in a small number of generations. Both the VPLD and

EHW required less than 80 generations to evolve on average.

Table 44 VPLD and EHW controller number of generations. Average, Median and Coefficient of
variance
Controller Mean Median CV

VPLD 68.63 61 0.43
EHW 79.04 | 71 0.42

81



The time taken to evolve solutions is shown in detail as a violin plot analysis (Fig.
4-18). The evolution time of the EHW is two orders of magnitude slower than the VPLD
(Table 4-5). This time difference is due to the different platforms the GA must run on;
with the VPLD running on a PC and the EHW running on the SoC ARM processor on
the Cyclone V FPGA. Although it is possible to run the GA and leg simulation on a PC
and download the CBS to the EHW using a serial link, it can be shown that a serial link
running at 115k, will produce a bottle neck, requiring 1.6ms for the CBS to be transferred
to the EHW, (1.6s to test a population of 100, or 130 seconds for a typical number of 80
generations to evolve). Therefore, running the GA on the PC and communicating via a

serial-link would not improve the time required to evolve a solution.

Time to evolve VPLD Time to evolve EHW

2.25 1 400

oo A J \
% 1.251 / \ % =] / \
N e | N
" > . < D
0.25 1 \ / 504

VPLD EHW

Fig. 4-18 Violin Plot of Average Time to Evolve. Shows distribution of results, Maximum/Minimum
time, median(blue line) and mean(red line)

Table 4-5 VPLD and EHW time to evolve. Average, Median and Coefficient of variance
Controller Mean[s] Median[s] CV

VPLD 5-5 | 0.75 0.67 0.41
EHW5-5 | 131.28 118.13 0.41

The GA for the VPLD is also evaluated on the Raspberry Pi. This platform is more
comparable to a real-world robotic system where the online adaptation of the controllers
could be used for fault recovery of deployed robots. The VPLD could be evolved on the
Raspberry Pi in 6.95s on average, which is slower than on the PC but is significantly

faster than the EHW.
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Controller Performance

The controller performance is judged on the ability of the robot to walk forward in a
straight line while maintaining a constant heading and body attitude. To observe the
performance of the evolved controllers, first they are run on the PyBullet full simulation
of the hexapod. To assess the controllers in the full simulation they are run for a set time
with the trajectories and height of each recorded. A video of the controllers running in
full simulation can be observed in Supplementary Resource 1. The trajectory of the robot
in the world coordinate frame, (Fig. 4-19) shows that both controllers provide an excellent
gait, moving the robot forward in a straight line while maintaining a constant height. It
can be seen (Table 4-6) that the controller performance of both the evolved controllers

are very similar.

Table 4-6 VPLD and EHW simulation performance. Looking at distance travelled, deviation from a
straight path, average body height, and average body attitude

Controller Distance Path Deviation Height Roll Pitch Yaw

[m] [cm] [cm] 1 [ [°]
VPLD 1.01 0.03 16.8 | 0.01 0.19 0.17
EHW 1.00 0.25 16.8 | 0.01 0.15 0.73

Simulation Trajectory Comparison
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Fig. 4-19 Robot trajectory in full simulation, world coordinate system
The attitude of the hexapod in reference to the robots coordinate frame is shown in
Fig. 4-20. The hexapod maintains a constant orientation with negligible oscillation that

has no impact on the performance of the robot’s gait.
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Simulation Attitude Comparison
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Fig. 4-20 Robot attitude in full simulation

Finally, the controller performance is observed on the real robot as described in section
4.1.1. The robot used is an off the shelf chassis with custom electronics designed by the
authors at AUT for experimentation in the field of evolvable robotic controllers. The
hardware included a Terasic DEO-Nano FPGA development board which has 32MB of
SRAM and a 50MHz clock. A NIOS II softcore processor is created within the FPGA,
which is used to directly run the VPLD controllers, and to download the CBS to the EHW
controller. A hardware PWM generator (coded in Verilog) is interfaced to the NIOS II
processor via a standard PIO port, and this is connected to the servo motors. The VPLD
FPGA configurations required approximately 7,000 total logic elements, while the EHW
required approximately 20,000 total logic elements. The EHW implementation required
more logic elements for a) the NIOS processor due to the extra PIO required to drive the

CBS and EHW I/O; and b) the EHW IP itself.
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Table 4-7 VPLD and EHW Implementation Resource usage

System Component

VPLD Logic Elements

EHW Logic Elements

Configured NIOS Il 6122 12799
PWM servo 395 395
controllers

EHW EHW N/A 5967
NIOS Il JTAG interface 313 314
controller

Total 6830 19475

The performance of the controllers implemented on the physical robot (Fig. 4-21) can
be observed in Supplementary Resource 2. The physical implementation has the same
traits and performance as is seen in the full simulation, again meeting the optimal gait

criteria.
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Fig. 4-21 Real Hexapod Controller Implementation
The board has a Bluetooth interface allowing the robot to receive commands to walk
forward and backward as well as rotating left and right. The input signals of the evolved
controllers can be adjusted to achieve the different motions; walking backwards is
achieved by decrementing the step counter; and rotation can be achieved by incrementing
the counter for the legs on one side and decrementing the counter for the legs on the

opposite side.
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Controller Propagation Delay

The propagation delay of these controllers must be within the timing constraints of the
servo motors on the physical hexapod robot, which has been set at an 80ms time interval
between each step in the gait. In this experiment the EHW is tested on the DE10 Nano,
the VPLD is tested on both a PC and a Raspberry Pi 4B. The propagation delay of both

the controllers (Table 4-8) is well within the range of the robot requirements.

Table 4-8 Propagation delay with the VPLD running on a PC and Raspberry Pi, and the EHW
running on the DE10.

Controller Time[us]
VPLD (PC) 27.2
EHW 473
VPLD (Pi) 156

The EHW has a longer propagation delay due to the time required to interface the I/O
from the ports on the SoC processor to the EHW on the FPGA. This could be rapidly
decreased by replacing the SoC processor with a hardware implementation of: a) the gait
driver, including a step counter, and air/ground phase generator and b) the PWM
generator including the prescaler. The EHW hardware itself only requires two clock
cycles(40ns) to execute an input, given the minimal extra clock cycles required for the
operation of the gait driver and PWM generator the complete hardware implementation
would be significantly faster in the order of magnitude of nanoseconds opposed to

microseconds.

Power Consumption

Although power consumption was not a primary design objective of the VPLD, the
experimental results obtained in this chapter allow a practical comparison of energy usage
between processor-based VPLD implementations and FPGA-based evolvable hardware.
For a fair comparison, both instantaneous power consumption and total execution time
must be considered, as the latter has a dominant influence on overall energy expenditure

during evolutionary optimisation.

When executed on a Raspberry Pi platform operating at 1.8 GHz under high
computational load, the processor consumes approximately 12.3 W. The average time
required to complete an evolutionary run in this configuration is 6.95 s, resulting in an
energy consumption of approximately 85.5 J per run. In contrast, the DE10-Nano

platform, incorporating an embedded ARM processor operating at 800 MHz and an
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FPGA-based evolvable hardware implementation, consumes approximately 1.3 W in
total. This includes the processor, FPGA fabric, peripheral I/O, clocking resources, and a
utilisation of approximately 20,000 logic elements. However, the significantly longer
evolution time of 131.28 s results in an energy consumption of approximately 170 J per

run.

A similar trend is observed for the desktop processor used. An Intel i7-11700K
processor, operating within a typical power range of 125 W to 190 W, completes
equivalent evolutionary runs in approximately 0.75 s. This corresponds to an energy
consumption in the range of approximately 93 J to 142 J per run. Despite the higher peak
power consumption, the substantially reduced execution time results in energy usage

comparable to, or lower than, that of the FPGA-based evolvable hardware platform.

These results demonstrate that, for the evolutionary robotics experiments investigated
in this chapter, total energy consumption is dominated by execution time rather than
instantaneous power draw. While FPGA-based systems offer lower power operation, their
extended optimisation times lead to higher overall energy expenditure. Conversely, the
VPLD benefits from faster execution on processor-based platforms, resulting in reduced
or comparable energy consumption per evolutionary run. This supports the conclusion
that, for the applications considered in this thesis, the VPLD provides an effective balance
between performance, flexibility, and energy efficiency without explicitly optimising for

low-power operation.
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4.1.7 Conclusions: VPLD and EHW Comparison
This section has demonstrated the VPLD for use as a hexapod robotic controller. The

VPLD performance and its benefits to the evolution processes are evaluated in
comparison to the EHW from which it is derived. The VPLD and EHW architectures
were evolved to produce the gait of a hexapod robot and a comparison was made between
each controller. The controller ability was determined by: 1) evolutionary efficiency, 2)
the controller performance, and 3) the propagation delay. As expected, the number of
generations required to evolve the VPLD and EHW are very similar as they share the
same architecture, chromosome and used the same GA. However, the EHW was two
orders of magnitude slower to evolve than the VPLD, due to running the GA on the SoC
processor. It was shown that even if the GA was run on a PC, the communication between
the PC and FPGA would be a bottleneck and have a similar time to evolve. It was also
demonstrated that the implementation of the EA environment for the VPLD was much
simpler than the EHW implementation. For the VPLD, all components reside within the
same system, the EHW on the other hand relies on multiple systems for the
implementation of its EA, this increases the complexity and adds greater challenges for

debugging the system.

When implementing the evolved controllers in the PyBullet simulation, it was found
that they produced an excellent robot gait that met the optimal gait criteria. The evolved
controllers are then implemented on the real robot, where it was found the controllers

operated in the same manner as observed in the PyBullet simulation.

The main benefits of the VPLD shown by the experiments conducted in this section
are: 1) the VPLD was significantly faster to evolve compared to the EHW; and 2) the
VPLD could be executed on a standard PC, an ARM based embedded system such as a
Raspberry Pi, or microcontrollers such as the ESP32, and 3) required less resources for

the genetic algorithm implementation.
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4.1.8 ANN Control System Architecture
The ANN uses the same inputs as the VPLD; which are, the air/ground phase and

counter signals. The air/ground phase signal has two states 1 for ground and -1 for air.
The counter has ten steps for each phase of the gait changing in value from 0 to 0.9 in
steps of 0.1. The output of the ANN is the angular change in position of the three joints
in the leg of a hexapod, ranging from -15 to +15. A three layer ANN with 5 neurons is
evaluated (2 in the hidden layer, 3 in the output layer). The results of other architectures

that are tested can be found in Appendix A.
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Fig. 4-22 ANN 2-2-3, two inputs, two hidden layer neurons, three output neurons
The neurons in the hidden layer (Fig. 4-23) use a hyperbolic tangent activation
function. The weights & biases of the neurons range from -1 to +1 in steps of 0.01, giving

an input range into the activation function of +2.9. Equations (4.30) & (4.31) describes

the hidden layer neuron functionality.

[ n (4.30)
X = W;xI; |+B
i=1

[1—e (4.31)
) = <T>
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f(x) — Output Layer

Fig. 4-23 Hidden layer neuron

The output layer neurons (Fig. 4-24) use the same weights and biases as the hidden
layer ranging from -1 to +1 in 0.01 steps, this gives an input range of +3. The activation
function of these neurons is the hyperbolic tangent function multiplied by fifteen, which
results in the £15 output range. Equations (4.32) & (4.33) describes the output layer

neuron functionality.

” (4.32)
y= Z W;*H; |+ B
i=1
_ 15 1—e™? (4.33)
9(y) = 1+te 2
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O

Fig. 4-24 Output Layer neuron
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Chromosome

The chromosome of the ANN is the weights and biases. A two-dimensional floating-

point array is used to store the chromosome of one layer (Fig. 4-25). A set of these arrays

make up the complete configuration for the neural network (Fig. 4-26). As is shown in

Fig. 4-25 each row contains the complete configuration for a single neuron in that layer,

columns are the configurations of the different elements that make up a neuron, being the

weights for each input from 1 to m inputs and the bias.

/-

Wm Bias
Wm Bias
i i
i i
I i
Wm Bias

Neuron 1| —» W1 W2
Neuron 2| —» W1 W2
i i i
i i i
i ] i
Neuronn| —» W1 W2
N e o — —

2D Floating point Array

Fig. 4-25 Chromosome of ANN layer, 2D Floating point Array
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Fig. 4-26 Complete chromosome for an ANN controller
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The search space (4.34) for the ANN can be calculated as follows. The hidden layer
component of the chromosome is an array of size 2x3, and for the second layer an array

of size 3x3; this gives a search space of 3.53 - 1034,

S = (no_ Of valueuseights+bias+Oweights+bias) (4.34)
max — min 1-—-1
no.of values = 1 + - —=1+——=1201
increment size 0.01
§=2016%°
S =3.53-103%*

Crossover

The crossover of the ANN chromosomes during the reproduction phase of the GA is a
single point crossover of each layer’s weights and biases, this can be considered a
multipoint crossover when applied to each of the two-dimensional floating-point arrays
that make up the complete chromosome (Fig. 4-27). For the mutation of the chromosome,

a mutation rate of one percent is applied to the child chromosomes.
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Fig. 4-27 Crossover of an ANN chromosome. Example showing possible children and mutation
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4.1.9 ANN Implementation
The ANN implementation (Fig. 4-28) is implemented in software using Python. Three

scripts are used: 1) the genetic algorithm program to perform the evolutionary process; 2)
the robot leg simulation; and 3) the ANN controller. The ANN and VPLD implementation

is essentially identical, except for the ANN and VPLD controller software.

PC

EA Environment

Input

Hexapod > ANN
Simulation | Output Controller

| Fitness

Y

Calculate Genetic Chromosome
Fitness Algorithm

Fig. 4-28 Hexapod ANN EA Environment

4.1.10 Results: VPLD and ANN Comparison
A comparison is made between the VPLD architecture from section 4.1.1 and the ANN

architecture. Three hundred solutions for each controller are evolved, with the maximum
number of generations limited to 500 for each phase. All controllers use the same input
data and are evolved to output a change in position of three servos in the leg for each
stage of the hexapod’s gait. The same parameters from section 4.1.6 are used to evaluate
the controllers: 1) the controller performance; 2) evolutionary efficiency and 3) the
propagation delay between the input and output of the controller. Two platforms; a

desktop PC and a Raspberry Pi-4 are used to implement the controllers (Table 4-9).

Table 4-9 VPLD and ANN Development platforms processor properties

Platform Controllers Tested on Hardware Description
Platform
Desktop PC VPLD and ANN Intel 17-11700k Octa-Core processor
(3.6 GHz)
Raspberry Pi VPLD and ANN Quad-Core Cortex-A72 64-bit SoC
4 Model B (1.5GHz).
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Evolutionary Efficiency Comparison

The evolutionary efficiency of each controller is compared. The graph of the fitness
per generation (Fig. 4-29), and a table showing the number of generations (Table 4-10),
show that the ANN like the VPLD could obtain the required fitness in a small number of
generations, but the VPLD had a higher initial evolutionary rate and required less total

generations than the ANN to evolve.
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Fig.4-29 VPLD and ANN controller best fitness per generation averaged from 300 evolution attempts

Table 4-10 VPLD and ANN controller number of generations. Average, median and coefficient of
variance

Controller | Mean | Median | CV
VPLD 68.63 61 0.43
ANN 132.97 117 0.5

The ANN and VPLD have a comparable evolution time (Table 4-11). Even though the
ANN takes more generations to evolve than the VPLD it has a comparable evolution time
because the size of the ANN chromosome is smaller, requiring less computation time to
process the reproduction stage of a GA generation. A violin plot analysis of the time to
evolve is shown in Fig. 4-30, this shows the distribution of the 300 results for each
controller. It can be seen that the VPLD approach is slightly more consistent than the
ANN, this is shown quantitatively by the CV value for both controllers.
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Fig. 4-30 Violin Plot of Average Time to Evolve. Shows distribution of results, Maximum/Minimum
time, median(blue line) and mean(red line)

Table 4-11 VPLD and ANN time to evolve. Average, median and coefficient of variance

Controller  Mean[s] Median[s] CV
VPLD 0.75 0.67 0.41
ANN 0.79 0.7 0.49

The GA for the ANN is also evaluated on the Raspberry Pi as previously tested with
the VPLD. This platform is more comparable to a real-world robotic system where the
adaptation of the controllers could be used in fault tolerant controllers. Both architectures

have similar performance.

Table 4-12 Average time to evolve on a Raspberry Pi for the VPLD and ANN

Controller | Mean[s]
VPLD 6.95
ANN 7.82
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Simulation Robot Deployment

The controller performance is judged on the ability of the robot to walk forward in a

straight line while maintaining a constant heading and body attitude. As a measure of the

controller performance between the VPLD and ANN, the ANN controller is implemented

in the PyBullet simulation, both the controllers walk in a straight line, maintaining a

constant heading and body attitude (Fig. 4-31 & Fig. 4-32). There is negligible difference
in the ANN and VPLD performance (Table 4-13).

Table 4-13 VPLD and ANN simulation performance. Looking at deviation from a straight path,
average body height, and average body attitude

ylm]

Controller | Distance | Path Deviation Height Roll | Pitch Yaw

[m] [cm] [em] [F1 1 [l
VPLD 1.01 0.03 16.8  0.01 0.19 0.17
ANN 0.96 0.63 16.8  0.00 0.15 0.57

Simulation Trajectory Comparison
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Fig. 4-31 Robot trajectory in full simulation, world coordinate system
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Simulation Attitude Comparison
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Fig. 4-32 Robot attitude in full simulation
Finally, the controller performance of the ANN and VPLD are implemented on the
real robot, running on a NIOS II softcore processor. A video of the performance of the
ANN and VPLD controllers implemented on the physical robot can be observed in
Supplementary Resource 2. The physical implementation of the ANN and VPLD perform
equally well, and the deployed controllers have the same traits and performance as was

seen in the full simulation.

Fig. 4-33 ANN Implemented on Hexapod Robot
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Controller Propagation Delay

The propagation delay of these controllers must be within the timing constraints of the
servo motors on the physical hexapod robot, which has been set at an 80ms time interval
between each step in the gait. In this experiment the VPLD and ANN controllers are tested
on both a PC and a Raspberry Pi 4B. The propagation delay of both the controllers (Table
4-14) is under 1ms which is well within range of the robot requirements. The ANN
controller is faster than the VPLD, which can be contributed to three factors: 1) the
reduced size of the ANN architecture; 2) the reduced complexity of the operations
required to process a neuron versus a FAB; and 3) the lack of pre-processing required to
generate binary values for the input and post-processing to convert the binary data to

values suitable to drive the servos.

Table 4-14 Propagation delay of the ANN & VPLD running on a PC and the Raspberry Pi.

Controller Time[ms]
VPLD (PC) 0.0272
VPLD (Pi) 0.1156
ANN (PC) 0.0065
ANN (Pi) 0.0381
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4.1.11 Conclusions: VPLD and ANN Comparison
This section has compared the VPLD and ANN for use as a hexapod robotic controller.

The VPLD and ANN architectures are evolved to produce the gait of a hexapod robot and
a comparison was made between each controller. The controller’s ability was determined

by 1) evolutionary efficiency, 2) the controller performance, and 3) the propagation delay.

The ANN required approximately 60 generations more on average to evolve compared
to the VPLD. However the time to evolve the two architectures was similar, this was
because the size of the ANN chromosome is smaller, requiring less computation time to
process the reproduction stage of a GA generation, also as was seen the ANN propagation
delay was less meaning the time to run the simulation for ANN is less, which affects the
overall time to evolve. Both Controllers could be evolved in a short amount of time (less
than 8 seconds) on a Raspberry Pi. Platforms such as the Raspberry Pi or Nvidia Jetson
Nano Boards are used commonly in robotics research, being able to run the GA on these
platforms in a short amount of time would be useful in fault tolerance application, where
robots deployed in harsh environments could adapt to faults such as limb damage or

sensor faults.

When implementing the evolved controllers in the PyBullet simulation, it was found
that they the VPLD and ANN produced gaits with a comparable performance. The
evolved controllers are also implemented on the real robot, where it was found the

controllers operated in the same manner as observed in the simulation.
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4.2. 2WD Mobile Robot Control
The two-wheel differential drive mobile robot platform is used to assess the VPLD

against an ANN when used for robotic navigation. VPLD and ANN robotic controllers
are evolved to optimally control the robot for three tasks: 1) obstacle avoidance, 2) light
following, and 3) light following while avoiding obstacles using a monolithic control
architecture. For the VPLD both a digital logic-based architecture (D-VPLD) and a
floating-point architecture that uses mathematical functions (F-VPLD) is investigated.
All the controllers are evolved using the same GA. An evaluation is made on the
evolutionary efficiency and controller performance of the architectures detailed in the

following sections.

The three robotic controllers (D-VPLD, F-VPLD and ANN) each require two units to
control the robot, one for each of the two wheels (Fig. 4-34). The inputs are six IR
proximity sensors, two light intensity sensors, and two logic inputs (0 and 1). The sensor
inputs are a floating-point values ranging from 0 to 1. The outputs are two signed RPM
values used to control the speed of each wheel. The inputs to the three controllers are
different for the three robotic navigation tasks: a) obstacle avoidance uses only the six
proximity sensors and two logic values; b) light following uses only the two light sensors
and two logic values; and c¢) the combined task uses the six proximity sensors, two light

sensors and the two logic values.

2WD Robot
Controller
LF Sensor 2 1 b_Left Motor
Inputs /."*'—_ Left Unit RPM
OASensor © i
...... ....- 4
Inputs
) 1
Logic 1 1’ >
LogicO =~ ¢ ! Right Motor
] Ri i A
#{ Right Unit RPM
A
k
Chromosome -

Fig. 4-34 Top Level Overview of 2WD Robot Control System
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4.2.1 2WD Mobile Robot
The two-wheel differential drive mobile robot platform is used to assess the VPLD

and ANN when used for a robotic navigation problem. The robotic controllers are evolved
to optimally control the robot for three tasks; 1) obstacle avoidance, 2) light following,
and 3) light following while avoiding obstacles. Two environments for each task are
created; the first is the environment that the controllers are evolved in; the second is the
test environment to investigate how the evolved controllers respond to a new environment
that they were not directly evolved in. The primary aim in this experiment is to evolve
high performance robotic controllers quickly. The navigation tasks demonstrates that
more complex simulations which are slow to run on a FPGA SoC or impossible to run on
the FPGA fabric, can be easily run on a PC along with the optimization algorithm used
to evolve the controller configuration. The robotic platform and simulation environment

used to evolve the controllers is detailed in the following sections.

Robotic Platform

The 2WD robot was developed at AUT for research in the field of evolutionary
robotics. The hardware consists of a DEO Nano development board (uses a Cyclone IV
FPGA) for implementation of the control systems, six IR proximity sensors used for
obstacle avoidance, and two light intensity sensors used for light following (Fig. 4-35).
The robotic platform also includes other peripherals, a Bluetooth module for remote

control and optical encoders used for the management of the motors speed.

Fig. 4-35 Robotic platform developed at AUT for research in Evolutionary Robotics
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Mathematical Model

The robot platform used is a two-wheel differential drive robot, the velocity V and
angular velocity w of the robot is determined by the combined angular velocity of each
wheel (w; and wg). Through analysis of the robotic platform (Fig. 4-36) the forward

kinematics of the robot can be determined.

Fig. 4-36 Physical Robot, with kinematic model parameters

Table 4-15 2WD Robot Kinematic Parameters

Symbol Parameter
|74 Robot Velocity
w Robot Angular Velocity
(7] Robot Heading
Vieft Left Wheel Velocity
Vright Right Wheel Velocity

Wieft Left Wheel Angular Velocity
Wright Right Wheel Angular Velocity
ICR Instantaneous center of rotation
Distance of the robot from the ICR
d Diameter of the robot body
r Radius of the robot’s wheel
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Using the equations of angular velocity, the velocity at each wheel can be determined
with respect to the motion of the robot rotating around the ICR as well as with respect to

the angular velocity each wheel is driven at by the control system.

V = wR (4.35)
Vg = W (R —;) = rwg (4.36)
(4.37)

d
vL:a)<R+E>=ra)L

Solving equations (4.35), (4.36) and (4.37), for V, w and R, in terms of the control

parameters w;, wg and the robot properties r and d.

_ r(wg —wy) (4.38)
B d
R = d(wg + wp) (4.39)
2(wgp — wp)
- r(sz-I- W) (4.40)

Using equations (4.38), (4.39) and (4.40), the kinematics of the robot relative to the

robot coordinate system are found as follows.

T T
V1 % 2 2|,
0| = yP = Or 9 (‘)R] (4.41)
A A |
d d

To obtain the kinematics of the robot in the world coordinate system, a rotational

transform is applied based on the orientation of the robot relative to the world coordinate

system.
X V cos@ O v (4.42)
4=&W40=FmQO[J
9 w 0 1
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Simulation

A simulation of the robot is required for calculating the fitness of the controllers during
the evolution process. The simulation is based on the robot model as described and uses
the derived forward kinematics of the 2WD robot. It models the robot behaviour, as well
as the obstacle avoidance and light following sensors. The robot has a 50ms control
interval and is driven by the wheel velocities determined by the evolved controllers. Three
environments are used in the evolution of robotic controllers: 1) obstacle avoidance; 2)
light following; and 3) combined obstacle avoidance and light following. Three additional
environments (one for each task) are used to test the ability of the controllers to generalise
the evolved behaviour in new environments.

Sensor Modelling

The six IR proximity sensors used for obstacle avoidance have a programmable cone
detection radius, however in order to minimize the computation time, they are modelled
as a single beam perpendicular to the sensor position (Fig. 4-37). The sensor distance
measurement (Fig. 4-38) ranges from 0 (minimum distance Scm) to 1 (maximum distance
15cm). The distance approximated by the sensor p is used to calculate the input P, for the
robotic controllers (4.43). Random noise u at a level of 5% is applied to the IR sensor

output.

_". Maximum Detection Radius 15cm

{1 Minimum Detection Radius 5¢cm

wes Proximity Sensor centre of detection area

Proximity Sensor

Fig. 4-37 IR Proximity Sensor Positions
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_(pr=5) (4.43)

b=s—5 T

An example of the IR proximity sensor model is shown in Fig. 4-38, the object is found
to be 12.8cm away from the sensor, this results in a sensor value of 0.78. For example, if

there is no object within the maximum distance the sensor output would be 1, alternatively

if an object is closer than the minimum distance the sensor output would be 0.

Cvevweaw
oo vvuwa - N o

esnasbecsssnnssss

cseseess

50mm 128mm  150mm
Min: 0 Output: 0.78 Max: 1

Fig. 4-38 IR Proximity Sensor Measurement Example

Example:

Pn =128 cm,u = 0.0

_ (pn_s)
=55t
_ (12.8-15)
"= "as—s5 00
_(128-5)
n—m—0.78
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The two light sensors on the robot used to measure light intensity are physically offset
by +/- 10 degrees from the forward heading of the robot resulting in 20 degrees of
separation in the field of view of the two sensors. The light intensity of each sensor is
determined by the position of the light relative to the robot heading. The difference in the
forward direction of an LDR sensor and the position of the light relative to the robot must
be less than +/-90 degrees to register any level of intensity. The sensor is at its maximum
output of 1 when the light source is 90 degrees (perpendicular) to the forward-facing
direction of the sensor, the sensor value decreases linearly to a value of 0 as the position
of the light moves away +/- 90 degrees relative to the forward-facing direction of the

given sensor.

Light Sensor

Light Source

Left Sensor Visible Light
Right Sensor Visible Light

Fig. 4-39 Light Sensor Positions

When calculating the light sensor intensities, h the heading of the light from the robot
relative to the robots orientation is calculated (4.45), (y the heading of the light from the
robot, 8 orientation of the robot). Then using the piece wise functions (4.46) & (4.47) the
individual light sensor intensities can be calculated. Random noise u at a level of 5% is

applied to the IR sensor output.
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y = tan~1 < Xlight — xrobot) (4.44)
Yiight — Yrobot

h=y—8 (4.45)
h—10
1—abs< » )+/,¢, —90 < (h—10) < 90
= 0, (h—10)> 90 (4.46)
0, (h—10) < —90
h+10 4.47
1—abs< o )+u, —90 < (h+10) < 90 (4.47)
lr = 0, (h+10)> 90
0, (h +10) < =90

A set of three examples are shown in Fig. 4-40. For the first example, light source A
is directly in front of the robot, this would result in an equal output for both sensors, being
10 degrees away from the forward-facing direction of the sensors the result of the
calculation is a sensor output of 0.88 for both the left and right sensor. The second
example using light source B would give the max output for the right light intensity
sensor, this is because light source B is perpendicular to that sensor. The left sensor light
intensity will be less and can be calculated as 0.78. The final example using light source
C would result in both the left and right light sensor registering zero intensity. The
heading of Light source C from the robot is greater than +/- 90 degrees relative to the
forward-facing direction of each sensor, meaning the light source is outside the field of

view of both sensors.
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Light Sensor
|

Light Source A

Light Source B

E Light Source C
Left Sensor Visible Light

27 Right Sensor Visible Light

Fig. 4-40 Light Sensor Measurement Example

Example A:
h =0,
=0,
I =1-abs ("= 22) 4y = 1 - abs (=) = 0.88
L= as( 90 ) = a5<90)_'
Ir=1—ab ht 10 +u=1—ab 10 =0.88
R= as( 90 ) H= a5<90)_ '
Example B:
h = -10,
u=0,
h—10 -20
IL=1—abs< )+u=1—abs(—)=0.78
90
Ir=1—ab h+10+ =1-—ab 0 = 1.00
R as( 90 ) H= a5<90>_ '
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Obstacle Avoidance
For the OA task the robot is evolved from six starting orientations. All the start

positions are at the centre of the environment but use different orientations (0, 180, 45, -
45, 90, and -90 degrees) (Fig. 4-41). The OA simulation is run for 40s for each starting
orientation The test environment for the OA task uses obstacles placed in different
locations than in the evolved environment. For the test environment the robot still starts

in the centre of the environment (Fig. 4-42).

OA Training Environment

1.00

0.75

0.50

0.25

Y[m]

0.00

-0.25

-0.50

-0.75

-1.00
-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00

X[m]

Fig. 4-41 2WD robot obstacle avoidance environment used to evolve the robotic controllers

o OA Test Environment

0.75

0.50

0.25

Y[im]

0.00

-0.25

—0.50

-0.75

-1.00
-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00

X[m]

Fig. 4-42 2WD robot obstacle avoidance environment used to test the evolved robotic controllers
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Light Following
For the LF task, the robot is evolved using eight starting positions spread around the

environment. Each starting position has the same orientation so that the robot is evolved
with the light source starting at a different angle relative to the heading of the robot. The

LF simulation is run for 10s for each starting position (Fig. 4-43).

LF Training Environment

1.00

0.75

0.50

0.25

0.00

YIm]

-0.25

—0.50

-0.75

-1.00
-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00

X[m]

Fig. 4-43 2WD robot light following environment used to evolve the robotic controllers
For the test environment, the light is moved to a different position and the start position

of the robots is altered (Fig. 4-44).

- LF Test Environment

0.75
0.50
0.25

0.00

Y[m]

-0.25

-0.50

-0.75

-1.00
—-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00
X[m]

Fig. 4-44 2WD robot light following environment used to test the evolved robotic controllers
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Light following while avoiding obstacles
The OA-LF task uses the same starting positions as the LF task, but the evolved

environment has obstacles placed in between the robot start positions and the light source.
Two of the start position do not have obstacles directly in the way of the light source, this
is done to promote controllers that can move directly towards the light source in a straight

line when no obstacle is present (Fig. 4-45).

1{mC)A-LF Training Environment

-0.25
—-0.50

-0.75

-1.00
-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00

XIm]

Fig. 4-45 2WD robet light following while avoiding obstacles environment used to evolve the robotic
controllers

For the test environment, the starting positions are changed, the light source is moved,

and different obstacles are placed in the environment (Fig. 4-46).

oo OA-LF Test Environment

0.75
0.50

0.25

\g_’ e ._é/

0.00

| ‘ |
s @9 @

—-0.50
\é/ \é/ \é/ \é/ \é/
-0.75 — @ —& — 88—

-1.00
-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00

X[m]
Fig. 4-46 2WD robot light following while avoiding obstacles environment used to test the evolved
robotic controllers

YIm]
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4.2.2 D-VPLD Control System Architecture
The D-VPLD variable type is pseudo bits, limiting an integer to two states, 0 or 1 to

imitate a digital circuit, as seen in the hexapod robot problem. The floating-point sensor
inputs are quantized into 4 bits using a threshold encoding technique similar to “one-hot”
encoding. This means the D-VPLD has, 26 bits for the OA task (2 logic and 6x4-bits
proximity sensors), 10 bits for the LF task (2 logic and 2x4-bits light sensors), and 34 bits
for the combined OA-LF task (2 logic, 6x4bits proximity and 2x4-bits light sensors). The
architecture (Fig. 4-47) has two layers with sixteen FABs in the first layer and four FABs
in the output layer. The FABs in both layers have four multiplexers and one FE. The
inputs to the multiplexers are from the previous layer, the selected inputs are then fed into
the FE to produce the FABs output. The FE uses a LUT (Table 4-17) comprised of 21

combinational logic functions.

Table 4-16 D-VPLD Input encoding technique

A

Logic 1[1] e

Value 4bit
Encoding
x =0 0000
0.25-Sensor,,, = x >0 0001
0.50 - Sensor,,,, = x > 0.25-Sensor,,,, 0011
0.75-Sensor . = x> 0.50 - Sensor,,, 0111
1.00 - Sensor,,,, = x > 0.75- Sensor,,,, 1111
OA-LF: r=34
OA: r=26
D-VPLD Motor HF: =10
Controller
LF Sensor ——
Inputs[8] ! Layer 1 Layer 2
)
E » FABL l —» FAB1 I~-
OA Sensor _"E _‘
Inputs[24] H I I Output[4] Output[1]
E Input(r] jj FAB2 > FAB2 : - Proogéls)_:itlg

¥
t|

o

w

FAB
M 16 [T Y FaBs
Logic 0[1] e

t ¥

CBS[k]

Fig. 4-47 D-VPLD Unit Architecture for 2WD robot problem
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Table 4-17 D-VPLD LUT for 2WD robot problem

No. | Logic Function No. Logic Function
0 (A&B)AMCID) 11 (!A)&B&C&D
1 A&B&C&D 12 A&(!B)&C&D
2 I(A&B&C&D) 13 A&B&(!C)&D
3 A|B|C|D 14  A&B&C&(!D)
4 I(A|B|C|D) 15 (A|B)&(C|D)
5 (A&B)|(C&D) 16 (A|C)&(B|D)
6 (A&C)|(B&D) 17 (A|D)&(C|B)
7 (A&D)|(B&C) 18 (A”B)&(C"D)
8 (A&B)AMC&D) 19 (AMC)&(BAD)
9 (A&C)MB&D) 20 @ (A”D)&(C”B)
10 (A&D)”(B&C)

The output of each D-VPLD unit is a 4-bit signed value which is the combination of
the four FABs outputs in the final layer. This value is used to calculate the desired RPM
of the wheel the D-VPLD is controlling. The MSB determines the sign, the least
significant bits determine the magnitude (4.48).

sgn(output[3]) * output[2: 0] (4.48)

RPM = RPM,,,, * 5T

Chromosome

The chromosome of the D-VPLD is its configuration bitstream. As seen previously, a
two-dimensional array of integers is used to store the chromosome of one layer. For the
2WD robotic control problem a pair of these two-dimensional arrays completes the whole
CBS. The search space for the D-VPLD CBS varies for each task (OA, LF, OA-LF), this
is because the number of inputs is different for each task. The search space is calculated

(using equation 4.11) as follows,

S = (LlinputsLlMUXS)( LlfunctionsLlFEs) (innputsLZMUXS)( szunctionsLZFEs)
Soa = (26%*18)(2116)(16**)(21%) = 1.85- 10136
S;p = (10%1%) (2119 (164*)(21%) = 5.13 - 101%°

Spapr = (34%16)(2116)(1644)(21%) = 5.31- 10143,
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Crossover

For the 2WD problem, a different crossover method is used instead of the method used
in the hexapod problem. In this problem, the D-VPLD uses a two-part crossover method
on each FAB in the CBS; this can be considered full multipoint crossover when applied
to each FAB in the two-dimensional integer arrays that make up the complete
chromosome of a D-VPLD unit (Fig. 4-48). The first part of the crossover of a FAB
configuration (row in the two-dimensional integer arrays) is a point that slices the MUX
configurations between genes from either parent alpha or gamma. The second part of the
crossover operation is whether the child FAB configuration gets parent alphas FE config
or parent gammas FE config. The child chromosomes are mutated based on the mutation
rate. The crossover and mutation algorithms are constrained to each motor unit, i.e. the
configuration of the left unit of parent alpha can only be crossed over with the left unit

configuration of parent gamma.

- ~

FAB1 — MUXA| MUXB| MUXC| MUXD| FE
FAB 1 —{yMXA MUXB || MUXC||MUXD | FE U
FABZ —+ MUXA| MUXB| MUXC| MUXD| FE N
Possible Child NI . FAB2 —+ MUXA| MUXB|[MUXC|[MUXD | FE
Chromosome FAB3 —+ MUXA| MUXB| MUXC| MUXD| FE
FAB3 —+ MUXA| MUXB||MUXC||MUXD | FE

H
: |
« i H H : i H Pm4 —{TWA MUXB || Muxc||MuxD | FE J
Parent Parent ‘FABIE —»MUXA[MUXB”MUXCHMUXDH FE ‘ | LN
o gene ¥ gene

L 1 L 2
Mutated N e ’ e 4
gene

FAB 1 r—v{ MUXA |MUXB [MUXC | MUXD FE .

. . \ N {FABI MUX A| MUXB| MUX C MUXD[ FE

EESSIb‘E Child FAB 2 ‘ —b{ MUX A | MUXB MUX D FE
rom m
'hn OSD,e Y ‘FABZ‘ MUXA| MUX B| MUX C| MUXD

with mutation FAB 3 ’\—o{ MUX A MUXE}MUXC MUX D FE

5 S FAB3 MUXA| MUXB| MUXC| MUXD FE
H H H H H 1
1 i i ' i 1
' [ [ [ ' '

' : ‘ ‘ ! ! FAB 4 MUXA| MUXB| MUXC| MUXD FE

FABIGF—-{MUXA‘MUXB ‘MUXC ‘MUXDW FE .
5
f— - 'I'___"____"J f— - B J-/
Layer 1 Layer 2
\ ’

Fig. 4-48 D-VPLD Chromosome Crossover for 2WD problem
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4.2.3 F-VPLD Control System Architecture
The F-VPLD architecture (Fig. 4-49) uses a floating-point variable, thus no

quantization of the normalized sensor inputs is required. The F-VPLD has, eight inputs
for the OA task (two logic and six proximity), four inputs for the LF task (two logic and
two light), and ten inputs for the combined OA-LF task (two logic, six proximity and two
light). The F-VPLD has a two-layer architecture with sixteen FABs in the first layer and
one FAB in the output layer. As with the D-VPLD the F-VPLD FABs have four
multiplexers and one FE. The FE contains a LUT (Table 4-18) consisting of 21 arithmetic
functions using addition, subtraction, and multiplication operators. The function f is a
piece wise linear function which limits the output of the arithmetic operation from -2 to

+2 (4.49).

- OA-LF:r=10 |

-~ OA:r=8
F-VPLD Motor  LRir=4
Controller I— 5

LF Sensor -
Inputs[2] : Layer 1

'

L}

' FAB1 l

L}
OA Sensor __-:
Inputs[6] :

E Input(r] FAB2 Output[1]

>, ; >
Logic 1[1] e E i
, FAB
16
Logic O[1] e
CBS[k]
Fig. 4-49 F-VPLD Unit Architecture for 2WD robot problem
2, x=2
fFO=1x 2>x>-2 (4.49)

-2, x< -2
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Table 4-18 F-VPLD LUT for 2WD robot problem

No. Mathematical Function | No. Mathematical Function

0 f((A+B)*(C-D)) 11 f((-A)+B+C+D)
1 f(A+B+C+D) 12 f(A+(-B)+C+D)
2 f(-(A+B+C+D)) 13 f(A+B+(-C)+D)
3 f(A*B*C*D) 14 f(A+B+C+(-D))
4 f(-(A*B*C*D)) 15 f((A*B)+(C*D))
5 f((A+B)*(C+D)) 16 f((A*C)+(B*D))
6 f((A+C)*(B+D)) 17 f((A*D)+(B*C))
7 f((A+D)*(B+C)) 18 f((A*B)-(C*D))
8 f((A+B)-(C+D)) 19 f((A*C)-(B*D))
9 f((A+C)-(B+D)) 20 f((A*D)-(B*C))
10 f((A+D)-(B+C))

The F-VPLD FABs use the same basic architecture as the D-VPLD but has different
functions, data types and number of inputs. The FABs in layer one requires either a 8x1,
a 4x1 or a 10x1 multiplexers (depending on whether the task is obstacle avoidance, light
following or a combination of both). Each of the four multiplexers selects one input from
the sensors and feeds the input into the FE. The CBS is the F-VPLD chromosome and is

used to configure the multiplexer and FE.

The D-VPLD required 4 output FABs but the F-VPLD only requires 1 as it produces
a signed floating-point output suitable for use in calculating the desired RPM equation

(4.50).

output (4.50)

RPM = RPMypqs * —
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Chromosome and Crossover

The F-VPLD chromosome format and crossover operation is the same as the D-VPLD.
The chromosome is stored in a pair of two-dimensional integer arrays, one for each layer.
The F-VPLD has a slightly smaller chromosome compared to the D-VPLD, as it has less
FABs. As with the D-VPLD, the search space for the F-VPLD CBS varies for each task
(OA, LF, OA-LF) because the number of inputs is different for each task. The search

space is calculated (using equation 4.11) as follows,

S = L inpues” ™) (L unctions” ™) L2imputs %) (L2functions =)
Soa = (819)(211%)(164)(21%)
Sosa = 1.24-10%°
Sur = (4719)(2119)(164) (211
S,p=6.69-10%
Soa-rr = (10%16)(2116)(16%)( 21")

SOA—LF == 1.97 ) 1091.
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4.2.4 ANN Control System Architecture
As with the D-VPLD and F-VPLD the ANN control architecture has two units one for

each motor, each ANN unit is a two-layer fully connected feedforward architecture with
sixteen neurons in the hidden layer and one in the output layer (Fig. 4-50). The ANN uses
the same floating-point inputs as the F-VPLD, eight inputs for the OA task (two logic and
six proximity), four inputs for the LF task (two logic and two light), and ten inputs for the
combined OA-LF task (two logic, six proximity and two light). The neurons in both layers
use the hyperbolic tangent activation function. The weights & biases of the neurons range

from -1 to +1 in steps of 0.01.

ANN Motor Controller

OA-LF: r=10
OA: r=8
LF Sensor _ ____ . e e
Inputs[2] N )
E
' 11 ——
OASensor _____ : ; - -~ * @
Inputs[6] ' K whoomosmemes N-,-_.‘_:‘_‘
: 5o \ T _
v Input[r] Sve g . P » utput[1]
e ’f"‘ ‘:'-' Ol ﬁ
Logic 1[1] === TSRSt
’ \ LA L |
Logic 0[1] ——— 4 “'_.'
Input Hidden Output
Data Layer Layer

Fig. 4-50 ANN Controller Architecture for 2ZWD problem

The ANN only requires one output neuron as it produces a floating-point output
ranging from -1 to +1 which is suitable for use in calculating the desired RPM equation

(4.51).

RPM = RPM,,,, * output (4.51)
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Chromosome

The ANNs chromosome is its weights and biases. The format for the chromosome
used in the hexapod control problem is also used in this experiment. This set of two-
dimensional floating-point arrays which each store the configuration of a layer. The
hidden layer component of the chromosome is an array of size 16xr (r=8.,4, or 10), and
for the second layer an array of size 1x17; this gives a search space of 3.53 - 103%. The

search space for the ANN chromosome can be calculated (using equation 4.34) as follows.

S = (no. Of valuesHweights+bias+0weights+bias)

max — min 1-1
- — =14+ —=1201
increment size 0.01

no.of values =1+

SOA — 201(16*8)+(1*17) =919- 10333
Spp = 20106+9+(17) = 3 64 . 10186

SOA—LF — 201(16*10)+(1*17) =4.63- 10407

Crossover

The crossover of the ANN chromosomes during the reproduction phase of the GA is a
two-part crossover of each neurons weights and biases, this can be considered a full
multipoint crossover when applied to each neuron in the two-dimensional floating-point
arrays that make up the complete chromosome(Fig. 4-51). The first part of the crossover
of a neuron’s configuration (row in the two-dimensional arrays) is a point that slices the
weight values between genes from either parent alpha or gamma. The second part of the
crossover is whether the child neuron gets parent alphas bias value or parent gammas bias
value. The child chromosomes are mutated based on the mutation rate. The crossover and
mutation algorithms are constrained to each motor unit, i.e. the configuration of the right
unit of parent alpha can only be crossed over with the right unit configuration of parent

gamma.
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Fig. 4-51 ANN Chromosome Crossover for 2WD problem

4.2.5 Genetic algorithm
A GA is applied using the same parameters (Table 4-19) for all the controllers being

evolved, the algorithm follows the process of fitness evaluation, selection and
reproduction in an iterative process until an optimal system configuration is evolved.
Optimal control system configurations allow the robot to successfully complete one of
the three tasks obstacle avoidance, light following, and light following while avoiding
obstacles. The genetic algorithm used for evolving the robotic controllers in this problem
is the same as the algorithm used in the hexapod problem, but with different GA
parameters. The population size of 100 is chosen again to insure diversity during the
evolution process. A reduced population size may improve the computation time of the

program per generation but can reduce the evolutionary rate.

Table 4-19 GA Parameters used for 2WD controller evolution

Parameter Value

Population Size 100

Mutation Rate OA 2%

Mutation Rate LF 1%

Mutation Rate OA-LF 2%

Selection Two stage binary tournament
Crossover Multipoint
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4.2.6 Fitness Evaluation
The fitness functions used to evolve the robotic controllers are designed to result in

optimal configurations. An optimal configuration will allow the robot to successfully
complete the desired task: 1) obstacle avoidance; 2) light following; and 3) combined
obstacle avoidance and light following. The robotic controllers are evolved in the
simulation environment (Fig. 4-52) described in section 0.

OA Training Environment

[
=
X / )%
- c 2 X
a) 7S /b)

LF Training Environment

Fig. 4-52 Simulation Environments used to evolve the robotic controllers. Left) shows starting
positions, right) shows example trajectories
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Obstacle Avoidance

The fitness function for the OA problem is designed to promote controllers that can
travel the complete test period without crashing while exploring a large area within the
environment. The fitness F,,4 (4.52) of the OA controllers is based on five factors: 1) the
percentage of area explored (value 0-1), the environment is broken down into 44 25x25cm
explorable sectors; 2) avoidance, (value 0-1) which is the percentage of the test period
time the robot travelled without crashing; 3) straight motion, the percentage of time the
robot is traveling straight while it isn’t avoiding obstacles; 4) forward motion, the
percentage of time the robot is traveling forward while not avoiding obstacles; and 5)
speed, the average speed of the robot as a percentage of the maximum speed possible.
The weightings of the fitness components are designed to encourage the exploration of

the environment as quickly as possible whilst avoiding obstacles.

FOA =30+ FArea + 30 * FAvoidance + 10 * FStraight + 10 * FForward + 20 * FSpeed (452)

Where:

sectors explored (4.53)

F Area —

total sectors

. _ time travled without crashng (4.54)
Avotdance = max test time
F _ timetravling straight (4.55)
Straight = time not avoiding obstacles
F _ time travling forward (4.56)
Forward ™ time not avoiding obstacles
F __average speed (4.57)
Speed ™ max speed
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Light Following

An optimal LF robotic controller will allow the robot to orientate itself in the direction
of a light source and move towards the light source as quickly as possible. The fitness
Fir (4.58) is based on four factors: 1) the distance from the robot and light source at the
end of the simulation run (value 0-1); 2) the path of the robot(value 0-1), used to minimize
the distance travelled so the robot doesn’t move away from the light or take a long arcing
path ; 3) the percentage of time travelled without moving out of the environment; and 4)

forward motion, the percentage of time traveling forward.

FLF =100 * FReached Light * FPath * FAvoidance * FForward (4-58)
Where:

final distance (4.59)
intial distance

Freachea Light —

n
initial distance — current distance; (4.60)
Fpaen = Z

n * intial distance
=0

F _ time travled without crashing (4.61)
Avotdance = max test time
F time travling forward (4.62)
Forward = total time

Obstacle Avoidance while Light Following

For the combined obstacle avoidance and light following task, the robot should
orientate itself in the direction of a light source and move towards the light source as
quickly as possible which is the same as for the light following task, except it must do so
whilst avoiding any obstacles in its path. Therefore, the fitness (Fp,4_;r) is the same as

for the light following task.

Foa—rr = Frp (4.63)
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4.2.7 Results: Obstacle Avoidance
For the obstacle avoidance task, all three controllers, D-VPLD, F-VPLD and ANN are

evolved using the same GA. The GA is run for 250 generations, with the fitness at each
generation and the time taken to complete each generation recorded. One hundred
solutions for each controller are evolved. The simulation time used to evaluate the fitness
of an individual is 40 seconds, all controllers use the same input data from the simulation
and are evolved to output the required wheel velocities to drive the robot. An optimal
controller for the obstacle avoidance task allows the robot to explore the environment
without crashing into any obstacles within the environment. The simulation time of 40

seconds is chosen to provide sufficient time for the robot to explore its environment.

The parameters used to evaluate the controllers are: a) evolutionary efficiency, (how
many generations and the computation time required to reach a solution); and b) the
controller performance (the maximum fitness achieved by the controller). As a second
test of the controller performance the fully evolved controller is then tested in an

environment that differs from the training environment.

Evolutionary efficiency

All three controllers had a comparable evolutionary efficiency in the obstacle
avoidance task, all achieving fitness scores above 90%. On average across the 100 results,
the F-VPLD and ANN has a faster initial rate of fitness improvement per generation
compared to the D-VPLD, but all reach a similar level of fitness (Fig. 4-53 & Table 4-20).
When looking at the number of generations to converge to an optimal fitness level, all
controllers can do so in under 120 generations, with the ANN the fastest to evolve on
average. The median generations to evolve of all controllers is comparable. When
observing the evolution, it is noted that in the initial generations the D-VPLD can get
stuck in a local maxima where it adequately avoids obstacles but is doing so at a slow
pace (approximately half max speed) meaning it loses fitness points on the speed
component and the area explored component as it cannot travel as far. Eventually the D-

VPLD can break out of the local maxima to reach a high fitness level.
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Fig. 4-53 A comparison of the OA fitness per generation of the three controllers

Table 4-20 The Number of Generations to Evolve OA Task

Controller Mean Median cv

D-VPLD 115.58 104 0.41
F-VPLD 109.6 102.5 0.48
ANN 101.77 101.5 0.43

With respect to computation time to evolve, the ANN required the least time to evolve.
Based on the median value the D-VPLD controller required approximately 38s more
computation time than the ANN, the F-VPLD required approximately 20s more
computation time to evolve (Table 4-21). The ANN is faster to evolve even with a
comparable median number of generations because of its time to execute at each step in
the simulation. The D-VPLD also requires extra computation to convert the floating-point
input data from the simulation to a binary format, and then convert the outputs back from
binary to floating point values to drive the simulation. The distribution of the time to

evolve solutions is shown in Fig. 4-54.
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Table 4-21 Computation Time Required to Evolve in Seconds OA Task

Controller Mean[s] Median[s] CV

D-VPLD 173.84 150.72 0.44
F-VPLD 146.02 132.67 0.54
ANN 119.47 113.04 0.48

Time to evolve OA
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/
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Time[s]

=

Fig. 4-54 Violin Plot of Time to Evolve for each run for OA results. Shows distribution of results,
Maximum/Minimum time, median(blue line) and mean(red line)

Controller Performance

The controller performance is similar across all three controllers with the median
fitness for all controllers at approximately 95% (Table 4-22). The ANN reaches the
highest average level of fitness, but this is only 1-2% greater than the VPLD controllers
(Table 4-22). For all three controllers, the level of fitness achieved for all one hundred
results is very consistent, with coefficient of variance of, 0.04, 0.06, and 0.02 for the D-
VPLD, F-VPLD and ANN respectively. The distribution of the fitness level in the results
is shown in Fig. 4-55.
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Table 4-22 The Fitness reached for the OA Task

Controller  Max Mean Median cv

D-VPLD 97 93.54 94.46 0.04
F-VPLD 97.54 93.99 95.58 0.06
ANN 98.06 95.12 95.4 0.02

Final fitness achieved OA
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Fig. 4-55 Violin Plot of Final Fitness for each run for OA results. Shows distribution of results,
Maximum/Minimum fitness, median(blue line) and mean(red line)

Examples of the stages of evolution for the control systems are shown below. All
controllers at the beginning of the evolution process initially rotate on the spot or in a
small circle (column one of Fig. 4-56). As the evolution continues the controllers begin
slowly trying to explore the environment (column two of Fig. 4-56), in the case of the D-
VPLD and F-VPLD the robots are traveling slowly and cannot explore a large area but
are avoiding obstacles; specifically in the case of the F-VPLD example, the robot gets
confused by the corner and can’t decide whether to turn left or right so becomes stuck.
For the ANN in this in-between stage, has evolved to avoid the obstacles in its path which
can be seen because it is turning before a collision can occur, however its default
behaviour is a large circular trajectory. Once the evolution process is complete, all three
controllers can explore a large percentage of the total area and navigate around obstacles
in the path of the robot to avoid a collision (column three of Fig. 4-56). Given further

time the robots will eventually explore the entire environment.
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Fig. 4-56 Robot path for obstacle avoidance at different fitness levels. All controllers are run for 40
seconds from the same starting position and Orientation

A breakdown of the fitness of each example solution is shown in Table 4-23, Table
4-24 and Table 4-25. For the two VPLDs it is the area explored and speed component that
prevent the configurations from reaching a high fitness level. For the ANN it is the area
explored component and straight motion components that prevent the configurations from
reaching a high fitness level. (Note: these are observations based on the example results

which do not reflect every result collected for each controller).
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Table 4-23 Fitness Breakdown of D-VPLD Example 2WD OA Results

Parameter D-VPLD (C1) D-VPLD (C2) D-VPLD (C3)

Farea 0.045 0.227 0.886
Fapoidance 1.0 1.0 1.0
Fstraigne | 0.001 0.992 0.99
Frorwara | 0.001 1.0 1.0
Fspeed 0.108 0.445 1.0

Foa 33.2 72.9 94.3

Table 4-24 Fitness Breakdown of F-VPLD Example 2WD OA Results

Parameter F-VPLD (C1) F-VPLD (C2) F-VPLD (C3)

F prea 0.023 0.182 0.841

F gpoidance 1.0 1.0 1.0
FStrai_qht 0.001 1.0 0.998
Frorward 0.001 1.0 1.0
Fgpeed 0.302 0.307 1.0

Foq 36.9 68.1 95.3

Table 4-25 Fitness Breakdown of ANN Example 2WD OA Results

Parameter ANN (C1) ANN (C2) ANN (C3)

Farea 0.023 0.409 0.864
Fapoidance 1.0 1.0 1.0
Fstraigne | 0.001 0.005 0.988
Frorwara | 0.001 1.0 1.0
Fspeea 0.107 1.0 1.0
Foa 32.9 72.2 93.5

The evolved VPLD and ANN controllers are evaluated in a test environment and
compared to their training environment behaviour, for the evaluation the robots are started
in the same position and allowed to explore the environments for 60s. It can be seen in
Fig. 4-57, Fig. 4-58 and Fig. 4-59 that the evolved behaviour of all three architectures, D-
VPLD, F-VPLD and ANN is transferable from the training environment to the test
environment; for all three architectures the robot can explore a large area within the

environment without crashing.
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Fig. 4-57 2WD D-VPLD controller evaluated in the test environment
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Fig. 4-58 2WD F-VPLD controller evaluated in the test environment
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Fig. 4-59 2WD ANN controller evaluated in the test environment
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4.2.8 Results: Light Following
The same GA run for 250 generations is used to evolve all three controllers, D-VPLD,

F-VPLD and ANN. For the light following task the results used to compare the VPLDs
and ANN are made up of one hundred individual runs of the GA for each controller. The
simulation time used to evaluate the fitness of an individual is 10 seconds, all controllers
use the same input data from the simulation and are evolved to output the required wheel
velocities to drive the robot. An optimal controller for the light following task allows the
robot to orientate itself to the heading of the light source and move towards it with a direct

path.

Again, as with the obstacle avoidance task, the parameters used to evaluate the
controllers are: a) evolutionary efficiency, and b) the controller performance. The evolved
controller’s performance is then evaluated in a test environment that differs from the

training environment.

Evolutionary efficiency

For the light following control problem the F-VPLD has a much higher initial
evolutionary rate reaching a high level of fitness very quickly. All three controllers have

very similar average fitness levels achieved after the 250 generations (Fig. 4-60).

The D-VPLD and ANN controllers have a comparable average number of generations
to converge to an optimal fitness level. The F-VPLD required less than half the
generations the D-VPLD and ANN controllers did (Table 4-26). The LF results show that
for all controllers this task is simpler to solve than the OA tasks, requiring fewer
generations to evolve. This may be because the number of sensor inputs is less, (two for
LF task and six for the OA task) the GA has to evolve the controllers so that all the sensors
contribute to the resulting motor control signals positively, which is easier with less input

signals.

Table 4-26 The Number of Generations to Evolve LF Task

Controller  Mean Median  CV

D-VPLD 59.54 54 0.46
F-VPLD 23.12 20 0.85
ANN 63.55 61 0.38
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Fig. 4-60 A comparison of the LF fitness per generation of the three controllers

When looking at the computation time to evolve for the LF task (Table 4-27), all
controllers require less than 30 seconds of computation time to evolve. The F-VPLD is
the fastest requiring approximately 8 seconds on average to evolve an optimal solution.
As expected with the difference in the required generations, the D-VPLD and ANN
requires over double the computation time. The LF task required significantly less
generations for each controller to evolve compared to the OA task, along with the
simulation time only being 10 seconds versus 40 seconds for the OA task, both these
factors explain the majority of the time difference between the two tasks. The O A task is
also slower because the simulation of the IR sensors is significantly more computationally
intensive than the light sensors which impacts the overall computation time of the EA.

The distribution of the time to evolve solutions is shown in Fig. 4-61.

Table 4-27 Computation Time Required to Evolve in Seconds LF Task

Controller Mean[s] Median[s] CV

D-VPLD 25.39 22.88 0.49
F-VPLD 8.22 6.84 0.98
ANN 22.96 21.84 0.42
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Fig. 4-61 Violin Plot of Time to Evolve for each run for LF results. Shows distribution of results,
Maximum/Minimum time, median(blue line) and mean(red line)

Controller Performance

All three controllers have very similar average and max fitness levels achieved after
the 250 generations. The D-VPLD has the highest max fitness level achieved, the F-

VPLD has the highest average fitness level achieved but the difference between the results
is minor (Table 4-28).

Table 4-28 The Fitness reached for the LF Task

Controller  Max Mean Median  CV

D-VPLD 94.97 91.43 91.84 0.020
F-VPLD 91.83 91.6 91.67 0.004
ANN 92.15 90.54 91.2 0.020

For all three controllers, the level of fitness achieved for all one hundred results is very
consistent, as with the obstacle avoidance results. The distribution of the fitness level in

the results is shown in Fig. 4-62.
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Fig. 4-62 Violin Plot of Final Fitness for each run for LF results. Shows distribution of results,
Maximum/Minimum fitness, median(blue line) and mean(red line)

The different stages of the evolved light following control systems in simulation are
shown below. All controllers at the early stages of the evolution process find solutions
that are traveling towards the light but are moving at a slow speed, or are stopping
periodically to rotate because they either: 1) lose track of the light due to noise; or 2) the
light falls out of specific value range required for tracking (column one of Fig. 4-63).
With further evolution time the controllers can move closer to the light, and from starting
locations reach the light, however due to slow speeds combined with curved paths the
robots do not reach a high level of fitness (column two of Fig. 4-63). When looking at
example controllers at the end of evolution (column three of Fig. 4-63). it is difficult to
distinguish between the D-VPLD, F-VPLD and ANN results. The controllers rotate at the
start position to orientate to the light source then move in its direction in a straight line or

a very minor arc. The robots stop at the light source.
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Fig. 4-63 Robot path of evolved controllers for light following task at different fitness levels, all
controllers are run for 10 seconds from the same starting positions and orientations

Each component of the light following controller fitness is broken down for each
example solution in Table 4-29, Table 4-30 and Table 4-31. For all three controllers it is
the path component of fitness that prevents the configurations from reaching a high level
of fitness. To maximize the path fitness component the robot must move quickly and
directly to the light source, slow speed or curved trajectories will decrease the

configurations fitness; this is what is seen in the example results (Fig. 4-63).
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Table 4-29 Fitness Breakdown of D-VPLD Example 2WD LF Results

Parameter  D-VPLD (C1) | D-VPLD (C2) D-VPLD (C3)

FReached Light 0.56 0.823 0.996
Fpatn 0.44 0.572 0.946

F gvoidance 1.0 1.0 1.0
FForward 0.646 0.994 1.0

Fir 16.4 47.7 94.3

Table 4-30 Fitness Breakdown of F-VPLD Example 2WD LF Results

Parameter  F-VPLD (C1) F-VPLD (C2) F-VPLD (C3)

FReached Light 0.452 0.848 0.988
Fpatn 0.393 0.59 0.926
FAvoidance 1.0 1.0 1.0
Frorward 0.915 0.9 1.0

Fir 16.8 46.5 91.5

Table 4-31 Fitness Breakdown of ANN Example 2WD LF Results

Parameter ANN (C1) ANN (C2) ANN (C3)
Freached Light  0-311 0.653 0.998

Fpan 0.337 0474  0.921
F pyoidance 1.0 1.0 1.0
FForward 1.0 1.0 1.0
FLF 10.7 31.8 91.9

As with the OA task the evolved VPLD and ANN controllers are evaluated in a test
environment and compared to their training environment behaviour. For the LF task there
is a limited number of variations to the environment, only the light position and the
starting positions can be altered. For the evaluation the robots are started in the same
positions but with alternative orientations, the robots are given 10 seconds to reach the
light source. It can be seen in Fig. 4-64, Fig. 4-65 and Fig. 4-66 that again as in the OA
results the evolved behaviour of all three architectures, is transferable from the training
environment to the test environment. For all three architectures the robot orientates itself

towards the light source and moves directly towards it, the robots stop at the light source.
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Fig. 4-64 2WD D-VPLD controller evaluated in the LF test environment
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Fig. 4-65 2WD F-VPLD controller evaluated in the LF test environment
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Fig. 4-66 2WD ANN controller evaluated in the LF test environment
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4.2.9 Results: Obstacle Avoidance while Light Following
For the combined obstacle avoidance and light following task, the same GA is run for

250 generations to evolve the three control systems, D-VPLD, F-VPLD and ANN. To
obtain the data to compare the robotic control systems, one hundred individual runs of
the GA for each controller are performed to find the required number of generations and
time to evolve, as well as the max fitness level achieved. The simulation time used to
evaluate the fitness of an individual is 10 seconds, all controllers use the same input data
from the simulation and are evolved to output the required wheel velocities to drive the
robot. This combined problem uses the same fitness function as the light following
problem, therefore an optimal controller for the combined task allows the robot to
orientate itself to the heading of the light source and move towards it with a short path.
However, in this task the robot can no longer travel directly to the light, it must navigate

around obstacles in its path to reach the light.

The parameters used to evaluate the controllers are: a) evolutionary efficiency, and b)
the controller performance The deployed controller performance in a test environment

that differs from the training environment is also investigated.

Evolutionary efficiency

It can be seen (Fig. 4-67) that the F-VPLD has a much higher initial evolutionary rate
compared to the D-VPLD and ANN, and the F-VPLD reaches a higher level of fitness on
average. When looking at the total generations to converge to an optimal solution the F-
VPLD requires the least, on average the D-VPLD requires 30 generations more, and the

ANN requires 16 more (Table 4-32).

Table 4-32 The Number of Generations to Evolve OA-LF Task

Controller Mean Median  CV

D-VPLD 157.97 | 162.5 0.34
F-VPLD 127.56 | 117.5 0.47
ANN 144.23 | 137.5 0.32
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Fig. 4-67 A comparison of the OA-LF fitness per generation of the three controllers

When looking at the computation time to evolve for the combined OA-LF task (Table
4-33), the F-VPLD median time is approximately 61 seconds of computation time to
evolve. The F-VPLD is the fastest because it required the least generations to evolve. The
ANN required approximately a further 7 seconds on average to evolve. The D-VPLD
required approximately 31 seconds on average more computation time to evolve than the
F-VPLD. Two factors can be attributed to the increased computation time for the D-
VPLD to evolve; 1) the added generations required to evolve the D-VPLD, and 2) the
computation required to convert the 8 sensor inputs and 2 motor outputs between binary
and floating-point values. The distribution of the time to evolve solutions is shown in Fig.

4-68.

Table 4-33 Computation Time Required to Evolve in Seconds OA-LF Task

Controller  Mean[s] Median[s] CV

D-VPLD 98.44 100.94 0.36
F-VPLD 67.08 61.31 0.52
ANN 73.83 69.47 0.35
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Fig. 4-68 Violin Plot of Time to Evolve for each run for OA-LF results. Shows distribution of results,
Maximum/Minimum time, median(blue line) and mean(red line)

Controller Performance

In the obstacle avoidance while light following problem, the F-VPLD controller
reaches a higher level of fitness on average (Table 4-34). The D-VPLD and ANN average

fitness levels are comparable. All controllers achieve a high max fitness.

Table 4-34 The Fitness reached for the OA-LF Task

Controller Max Mean Median CV

D-VPLD 88.22 74.64 76.93 0.13
F-VPLD 89.77 81.49 83 0.07
ANN 86.12 74.24 75.71 0.13

For all three controllers, the level of fitness achieved for all one hundred results is
consistent still but less so than for the individual obstacle avoidance and light following
tasks. The F-VPLD has the lowest coefficient of variance at approximately 0.07, while
the ANN and D-VPLD have a comparable coefficient of variance at approximately 0.13.

The distribution of the fitness level in the results is shown in Fig. 4-69.
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Fig. 4-69 Violin Plot of Final Fitness for each run for OA-LF results. Shows distribution of results,
Maximum/Minimum fitness, median(blue line) and mean(red line)

The stages of the evolved control systems for the combined obstacle avoidance and
light following task are shown below. In the initial stages of evolution (column one of
Fig. 4-70), as was seen with pure light following task the solutions are traveling towards
the light but are moving at a slow speed, or are stopping periodically to rotate. Part way
through the evolutionary process (column two of Fig. 4-70) the controllers can avoid the
obstacles but have non-direct paths to the light and do not reach the light source from all
start positions. The example configurations for each controller after 250 generations of
evolution can all reach the light source while avoiding the obstacles in the robots path

(column three of Fig. 4-70).
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Fig.4-70 Robot path of evolved controllers for combined task at different fitness levels, all controllers
are run for 10 seconds from the same starting positions and orientations

Each component of the controller fitness for the combined obstacle avoidance and light
following task is broken down for each example solution in Table 4-35, Table 4-36 and
Table 4-37. As with the pure light following controllers, for all three controllers it is the
path component of fitness that prevents the configurations from reaching a high level of
fitness. As the OA-LF task uses the same fitness function as the LF, comparing the results,
as expected the OA-LF controllers get a lower fitness because the robot can no longer
travel in a straight line to the light, it must take an extended path decreasing that

component of fitness relative to the LF results.
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It is also observed when viewing the robots in simulation that for the controllers to
direct the robots to the light source and avoid obstacles, traveling at the max speed is not
possible which also impacts the path component of the fitness function. However, as can
be seen in Fig. 4-70. All the controllers can successfully complete the combined OA-LF

task.

Table 4-35 Fitness Breakdown of D-VPLD Example 2WD OA-LF Results
Parameter D-VPLD (C1) D-VPLD (C2) D-VPLD (C3)

Freached Light  0-386 0.742 0.989
Fpach 0.391 0.605 0.861
Fapoidance 1.0 1.0 1.0
Frorward 0.693 0.904 1.0

Fip 11.1 46.0 85.1

Table 4-36 Fitness Breakdown of F-VPLD Example 2WD OA-LF Results
Parameter F-VPLD (C1) F-VPLD (C2) | F-VPLD (C3)

FReached Light 0.328 0.669 0.989
Fpatn 0.324 0.516 0.886
FAvoidance 1.0 0.862 1.0
Frorward 0.946 1.0 1.0

Fip 10.7 34.2 87.6

Table 4-37 Fitness Breakdown of ANN Example 2WD OA-LF Results

Parameter ANN (C1) ANN (C2) ANN (C3)
Freached Light 0-323 0.838 0.973

Fpatn 0.345 0.561 0.854
FAvoidance 1.0 1.0 1.0
Frorward 0.999 0.97 1.0
Fip 12.5 48.2 83.1

The evolved VPLD and ANN controllers are evaluated in a test environment with
different obstacles located at new positions within the environment, the light position is
also moved. For the test evaluation the robots are started in alternative positions and are
given 15s to reach the light source without crashing into an obstacle. It can be seen in Fig.
4-71, Fig. 4-72 and Fig. 4-73 that the evolved behaviour of all three architectures is
transferable from the training environment to the test environment; however the
controllers have evolved a clear strategy to move either left or right around an object
which doesn’t always result in the optimal path to the light source, also if the evolved
strategy is not a possible option to move around a given obstacle, then the robot would
become stuck and begin spinning to try and orientate itself to, and move towards the light

source.
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D-VPLD Training D-VPLD OA-LF Test

Fig. 4-71 2WD D-VPLD controller evaluated in the OA-LF test environment

F-VPLD OA-LF Training F-VPLD OA-LF Test

Fig. 4-72 2WD F-VPLD controller evaluated in the OA-LF test environment

ANN OA-LF Training ANN OA-LF Test

Fig. 4-73 2WD ANN controller evaluated in the OA-LF test environment
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4.2.10 Conclusions
In this chapter a comparison was made between floating-point and digital versions of

the VPLD, and an ANN used to control a 2WD mobile robot for navigation tasks. The
robotic controllers are evolved in a simulation for, 1) obstacle avoidance, 2) light

following, and 3) light following while avoiding obstacles.

For the individual obstacle avoidance and light following problems all the controllers
reached a similar controller performance successfully completing the given tasks. In the
obstacle avoidance task, all controllers had a comparable evolutionary efficiency,
meaning they all reached an optimal fitness level in the same number of generations. In
the light following task the F-VPLD evolved in half the generations required by the D-
VPLD and ANN controllers.

For the combined problem of light following while avoiding obstacles, the F-VPLD
was the best, reaching the highest average fitness across the 100 results in the least
generations. When comparing the light following and combined obstacle avoidance and
light following tasks, as was expected, using the same fitness function for both the tasks,
the combined obstacle avoidance and light following results are at a lower fitness level.
The fitness level is reduced because the robots can no longer take the optimal direct path
to the light source, they had to instead navigate around the obstacles to reach the light,

thus extending the path travelled.

When looking at the examples of the final configurations of each control system after
evolution, it is impossible to distinguish the three controllers from each other, as there is
no distinct behaviour that could be contributed to either of the VPLDs or the ANN.
Considering the D-VPLD used a binary system it may have been expected to have a more
stepped logic response either choosing to move in a particular direction or rotate but

instead like the F-VPLD and ANN that uses floating point data it has a fluid motion.

Further comparing the three problems, the combined obstacle avoidance & light
following task took the most generations to evolve, this is expected as it is the most
complex of the three problems to solve. The obstacle avoidance & light following task
has the greatest amount of sensor input data which the controllers are required to interpret
in order to correctly operate the robot. If you were to create a combined obstacle
avoidance & light following controller that used subsumption, meaning the obstacle

avoidance controller is combined with the light following controller by a top-level
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decision entity, the generations required to evolve the individual OA and LF controllers
is comparable to the generations required to evolve the monolithic architecture

implemented in this research.

The optimal evolved VPLD and ANN controllers are also deployed in new
environments in the simulation, for the individual obstacle avoidance and light following
task the behaviour evolved in the training environment transferred well to the new test
environment. In the combined obstacle avoidance while light following, the evolved
controllers allowed the robot from all start positions to reach the light source, however
due to the nature of the evolved behaviour and the minimal information the robot has

about its environment the most optimal path is not always taken.

It has been shown in this chapter that the VPLD either using digital logic, or floating-

point arithmetic, is a viable alternative to an ANN for the control of a 2WD mobile robot.
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Chapter §

Chapter 5: Virtual Programmable Logic Device for

Pattern Recognition

This chapter investigates how the VPLD performs in comparison to an ANN for
pattern recognition. Pattern recognition is an important aspect of machine learning as it
has many real-world applications such as, OCR for language translation, and patient
diagnosis based on medical imaging (x-rays, MRI or CT scans). The VPLD and ANN are
compared in two different pattern recognition applications, looking specifically at 1)
character recognition, and 2) melanoma detection. Character recognition is a classic
pattern recognition problem in the machine learning domain, which has been well studied.
As described in section 2.1.4, EHW architectures have been evolved for various pattern
recognition tasks and specifically binary character recognition, however these EHW
where only evolved to recognize the characters A-P, in this research the ANN and VPLD
are evolve to recognize the characters A-Z. Machine learning pattern recognition models
are often used in medical imaging, one such task is melanoma detection. In this research
the accuracy of the VPLD and ANN is investigated for the binary classification of
melanomas, the skin lesions are either benign (non-cancerous) or malignant (cancerous

melanoma) skin lesions.

For both the character recognition and melanoma detection, two versions of the VPLD
are investigated: 1) the D-VPLD using traditional digital logic similar to EHW research;
and 2) the F-VPLD using floating point data types and mathematical functions. The F-
VPLD architecture using floating point mathematics, can run on a CPU without needing
additional resources, as opposed to an EHW system that requires an FPGA with a high
number of logic elements to generate multiple floating point mathematical operations.
The accuracy and evolutionary efficiency of the D-VPLD and F-VPLD systems will be
compared to an ANN system. The ANN, D-VPLD and F-VPLD are evolved with the
same GA.
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5.1. Character Recognition
This section describes the character recognition problem being investigated and the

system architectures and respective chromosomes of the D-VPLD, F-VPLD and the ANN
used. As with the previous robotic control instances, all the controllers are evolved using
the same GA. The aim of the GA is to find optimal configurations for the D-VPLD, F-
VPLD and ANN architectures allowing these systems to recognize all the characters A-
Z in the alphabet. The results of the evolved three systems are analysed, and a comparison
i1s made between the D-VPLD, F-VPLD and ANN.
5.1.1 Character Recognition Method

The characters (Fig. 5-1) used are 7x5 binary characters A-Z. These alphabet
characters are fed into the ANN, D-VPLD and F-VPLD systems to obtain a set of 26

outputs indicating which letter is recognised.

A B C D E F
o o 0 [ 0 o
2 2 2- 2 2- 2-
4 4 4 4 4 4
G 6 6
8 B B
0o 25 50 00 25 50 1 5 5 00 25 50 Do 25 50 00 25 S0 00 25 50
H | ] K L M
a o it i o
2 2 2 2 2
a 4 4 1 4
[ 6 6 6 6
8 8 8 8 8
00 25 50 00 25 50 00 25 5.0 00 25 50 00 25 50 0O 25 50
N 0 P Q R S
0 o 0 0 bl 0
2 2 2 I 2 2 I 2
a 4 4 o 4 4
6 6 6 6 6 I [
8 8 a 8 8 8
00 25 50 00 25 50 00 25 50 00 25 50 00 25 50 00 25 50
U v W X Y Z
o i i i
2 2 2 2
4 4 4 4
6 6 & 6
8 8 8 8
00 25 50 00 25 50 00 25 50 00 25 50 00 25 50 DO 25 50

Fig. 5-1 7x5 character images, 35 pixels total. Used for the character recognition problem
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Each character is converted into a binary array (0-black pixel or 1-white pixel) with a
length of 35 (Fig. 5-2). This process is performed to create a suitable data input for all the
systems (D-VPLD, F-VPLD and ANN), as the D-VPLD is a digital system it requires a
digital input. Note pseudo binary is used where an integer can have only two values, 0

and 1.

H ’
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34 wm| 1

w
Ea

Fig. 5-2 Flattening 7xS image to array of length 35

The system architectures have 26 outputs, one for each letter of the alphabet, with the
output that has the highest value determining which letter is selected. Several
architectures for the D-VPLD, F-VPLD and ANN are evaluated using either, one or three
combined outputs for each letter, with the latter proving to be more effective. A
comparison of all the VPLD architectures evaluated can be found in Chapter 6. The three
outputs for each letter are combined using either the mean or maximum of the three
outputs. The 26 outputs for each letter are then passed through a SoftMax function. The
SoftMax function transforms the 26 outputs into values between 0 and 1, such that all the
outputs sum to 1, creating a normalized probability distribution. The best design for each

architecture, D-VPLD, F-VPLD and ANN is discussed in detail below.
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5.1.2 D-VPLD and F-VPLD Classifier Architecture
The D-VPLD and F-VPLD architectures have the same layout (Fig. 5-3) except the D-

VPLD FAB uses binary numbers and digital logic, whereas the F-VPLD FAB uses
floating-point numbers and mathematical functions. The architectures have 35 binary
inputs one for each pixel of the character, and 78 outputs, which undergo post processing
to have a final total of 26 outputs one for each letter in the alphabet. Both architectures
have two layers, with 52 FABs in the first layer and 78 FABs in the second layer. The 78
FABs in the second layer are grouped into threes, (26x3). These 26 grouped outputs are
fed into the SoftMax function to calculate the final prediction. The VPLD FABs are
configured by the CBS.

D-VPLD & F-VPLD
Architecture

Layer 1 Layer 2

0:A
FAB1 H FAB1 —

Outputs[78]

y

i

Output

FAB2 FAB2 : > . —» SoftMax
Input[35] ' Processing
5 i) Fas Il g
; : 78 25:7

+E
)

Jo:
Fig.5-3 D-VPLD and F-VPLD 52-78-layer architecture. Layer one contains 52 FABs, layer 2 contains
78 FABs

All the FABs for both the D-VPLD and F-VPLD contains four multiplexers and a
function element. The FE used in the FABs is a LUT which is comprised of combinational
logic (D-VPLD) or mathematical functions (F-VPLD). The D-VPLD LUT (Table 5-1)
uses 31 combinational logic functions producing a single bit output from the four binary
inputs. The F-VPLD LUT (Table 5-2) uses mathematical functions utilizing the addition,
subtraction and multiplication operators producing a single floating-point value from the
four inputs. The function £ is the rectified linear unit (ReLu) function used in machine

learning. The F-VPLD LUT contains 21 functions.
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Table 5-1 Character Recognition D-VPLD FE LUT

No.  Logic Function No. Logic Function

0 (A&B)A(C|D) 16 | (('A)&B)|((!C)&D)

1 A&B&C&D 17  (A&(!B))[(C&(!D))

2 I(A&B&C&D) 18  (('A)&(!D))|(('B)&(!C))
3 ('A)&B&C&D 19 | (A"B)&(C"D)

4 A&(!B)&C&D 20 (A7C)&(BMD)

5 A&B&(!IC)&D 21  (A"D)&(C”B)

6 A&B&C&(!D) 22 (('A)&B)~((!C)&D)

7 A&(!B)&(!C)&(!D) 23  (A&(!B))*(C&(!D))

8 ('A)&B&(IC)&(!D) | 24  ((!A)&(!'D))*((!B)&(!C))
9 ('A)&('B)&C&(!D) 25 (A|B)&(C|D)

10  ('A)&(IB)&(IC)&D 26 @ (A|C)&(B|D)

11  A|B|C|D 27  (A|D)&(C|B)

12 YA|B|C|D) 28  (A™B)&(C"D)

13  (A&B)|(C&D) 29 (AMC)&(BMD)

14  (A&CQC)|(B&D) 30 (A"D)&(C"B)

15 (A&D)|(B&C)

Table 5-2 Character Recognition F-VPLD FE LUT

No. Logic Function = No. Logic Function
0 f((A+B)*(C-D)) 11 | f((-A)+B+C+D)
1 f(A+B+C+D) 12 f(A+(-B)+C+D)
2 f(-(A+B+C+D)) 13 | f(A+B+(-C)+D)
3 fIA*B*C*D) 14 | f(A+B+C+(-D))
4  f(-(A*B*C*D)) 15  f((A*B)+(C*D))
5  fl(A+B)*(C+D)) 16  f((A*C)+(B*D))
6  fI(A+C)*(B+D)) 17  f((A*D)+(B*C))
7 fllA+D)*(B+C)) 18 | f((A*B)-(C*D))
8  fl(A+B)-(C+D)) 19 | f((A*C)-(B*D))
9  fl(A+C)-(B+D)) 20  f((A*D)-(B*C))
10  f((A+D)-(B+C))

The outputs of the 78 FABs in the final layer are grouped into threes, each group of
three outputs are combined producing 26 total outputs. Several combination methods of
the three grouped outputs are tested, with the best method for each architecture used. For
the D-VPLD and F-VPLD the combination function is the mean method (Fig. 5-4) where
the mean value of the three outputs is taken and then passed through the SoftMax function
to provide an output probability for each character. For the D-VPLD the combined value
ranges from 0 to 3, whereas the F-VPLD mathematical processing of the binary inputs

produce an output that can have a range from 0 to 256 for the F-VPLD.
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Fig. 5-4 Mean method used by the D-VPLD and F-VPLD architectures to group the 26x3 outputs
into one output for each character

Chromosome and Crossover

The chromosome for the VPLDs is the CBS, and as the architectures are identical the
chromosome is the same for both the D-VPLD and F-VPLD. As seen in Chapter 3 and
Chapter 4, a set of two-dimensional arrays of integers is used to store the chromosome.
The search space for the D-VPLD and F-VPLD CBS is different for the character
recognition problem, due to having different sized FE LUTs, otherwise the search space
would be the same for both architectures. The search space is calculated (using equation

4.11) as follows,
S = Llinpurs ") L punctions™ ™) L2Zinputs ") (L2functions™ ™)
Sp-vpLD = (354*52)( 3152)(524*78)( 317%)
Sp_ypLp = 2.73 - 101050
Sr-vpLD = (354*52)( 2152)(524*78)( 2178)
Se_ypLp = 2.81-101928

The crossover operation performed is the same multipoint method used in the 2WD
robotic control problem (section 4.2.1). The child chromosomes are mutated with a 0.5%

mutation rate.
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5.1.3 ANN C(lassifier Architecture
The ANN like the VPLDs, uses a character image converted to an array in a binary

form (0-black pixel and 1-white pixel) for its inputs. The output is a set of 26 values, one
for each letter in the alphabet. The output value with the highest value determines the
selected character. The architecture of the ANN is shown in Fig. 5-5. It is a 35-52-78
architecture; this means there are 52 neurons in the hidden layer and 78 neurons in the
output layer. The outputs of the ANN go through the same post processing as the VPLDs,
where the 78 neurons in the final layer are grouped into threes, (26x3). These are then
processed to provide the 26 outputs. The neurons in the hidden layer and the output layer
use the ReLu activation function. The weights & biases of the neurons range from -1 to

+1 in steps of 0.01.

ANN Architecture

0:A

[—<
)
)
Input[35] Outputs[78] ;
Outpu‘t SoftMax :
—l Processing H
:
)
)

#

25:2

Input Hidden Output

Fig. 5-5 ANN 35-52-78 architecture, 52 hidden layer neurons, 78 output neurons

The 78 outputs of the ANN are floating-point values and grouped into three outputs
for each letter. The maximum of these three outputs (Fig. 5-6) is passed through the

SoftMax function to provide an output probability for each of the 26 characters.
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Fig. 5-6 Max method used by the ANN architecture to group the 26x3 outputs into one output for
each character

Chromosome and Crossover

The ANNs chromosome is its weights and biases which are stored as a floating-point
variable in a set of two-dimensional arrays. The hidden layer component of the
chromosome is an array of size 52x36, and for the output layer an array of size 78x53;
this gives a search space of 1.02 - 10924, The search space for the ANN can be calculated

(using equation 4.34) as follows.

S = (TlO. Of valuesHweights+bias+0weights+bias)

max — min 1-—-1
=201

no.of values increment size 0.01

S = 2011872+4—134

§=1.02-10%9%4

The same multipoint crossover operation used for the 2WD robotic controller
evolution (4.2.4) is also employed for this problem. The child chromosomes are mutated

with a 0.5% mutation rate.
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5.1.4 Genetic Algorithm
The genetic algorithm used for evolving the VPLDs and ANN systems is very similar

to the GA used in the robotic control problems, but with different GA parameters (Table
5-3). The same GA with a population of 100 individuals is applied to all the systems, D-
VPLD with digital functions, F-VPLD with arithmetic functions and the ANN. As with
the previous robotic control problem the population size of 100 is chosen to ensure a more
diverse population particularly in the early stages of the evolution process. An increased
population is possible which may further improve diversity; however, this will increase
the computation time required to complete a generation. Vice versa a reduced population
size¢ may improve the computation time of each generation but can reduce the
evolutionary rate. The GA process is run until the VPLDs, and ANN systems can
successfully recognise each character. The reproduction process in the GA uses multi-
point crossover with a 0.5% mutation rate. The mutation rate is reduced for this problem
compared to the robotic control problems as the chromosomes of the evolved systems are
much larger. If the same mutation rate is used it results in more FABs and neurons being
mutated, which is more damaging to useful genes inherited from the parent individuals

during the reproduction step.

Table 5-3 GA Parameters used for Character Recognition evolution

Parameter Value

Population Size 100

Mutation Rate 0.5%

Selection Two stage binary tournament
Crossover Multipoint
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5.1.5 Fitness Evaluation
The fitness evaluation of the ANN and VPLDs is based on the ability of each system

to recognise each character correctly. For a set of 26 characters each system can have a
fitness from -26 to 26 (-1 to +1 for each character) where 26 is the optimal fitness. For a
given character 4 for example, if 4 is the maximum and correct value, it gets half the
optimal fitness. As there can be multiple outputs with the same value, it gets the second
half of the optimal fitness if the systems activation for the A character is greater than 1/26
(e.g. if all the outputs are the same value, then each would have a value of 1/26). Thus,
for each output that is higher than or the same as the character A the fitness is reduced by

1/26. Equations (5.7) - (5.10) define the fitness evaluation used in the GA process.

i (5.1)
Fitness = f(x) + g(x;) + h(x;)
i=1
_ (0.5,max(x;) =i (5.2)
fx) = { 0,max(x;) # i

(0.5, x;[i] > 1/26 (5.3)
90a) = { 0, x;[i] < 1/26

(5.4)

26
~ ~1/26, x;[j1 = x;[i]
h(x;) = 1/26 + Z{ 0, x;[j1 < x[i]
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5.1.6 Results
The D-VPLD, F-VPLD and ANN systems are evolved to recognise 26 character

images (A-Z), an optimal solution is a system that can recognise each character. The GA
experiments are repeated one hundred times and the average results of each of these
experiments are used to assess the system performance. During each GA generation, the
best fitness is recorded, and the time taken to reach the final solution is recorded, this
information allows us to determine the evolutionary efficiency of each system, (how

many generations and the computation time required to reach a solution).

Evolutionary Efficiency

The fitness vs generations plot (Fig. 5-7) shows that all three architectures have a
similar rate of evolution until the final stages of the evolutionary process. However, the
D-VPLD takes significantly more generations to get every character correct, as one letter

is incorrect which is not easily seen in the graph.

D-VPLD, F-VPLD and ANN Fitness per Generation
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Fig. 5-7 Character Recognition Best Fitness per Generation
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This can be more clearly seen in the table below (Table 5-4), where the F-VPLD and
the ANN both have a comparable number of generations for a successful solution.
However, the median number of generations to reach a solution for the D-VPLD is twice
that of the F-VPLD and ANN. This may be due to the binary nature of the D-VPLD and
the fact that it has a more limited number of possible output values for each character.
Which would mean a more specific circuit would be required to achieve the maximum

fitness.

Table 5-4 Character Recognition Number of Generations to Evolve

Architecture N Mean Median  CV

D-VPLD 930 780 0.55
F-VPLD 417 392 0.34
ANN 387 355 0.35

The violin plot (Fig. 5-8) shows the evolution time of the three architectures, indicating
that the F-VPLD and ANN take a similar time to evolve to a successful solution, whereas
the distribution of the D-VPLD is worse. The evolution of the F-VPLD and ANN is more
consistent than the D-VPLD, again suggesting there are fewer optimal solutions in the

fitness landscape of the D-VPLD.

D-VPLD, F-VPLD and ANN Time to Evolve
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Fig. 5-8 A Violin plot of the time to evolve a solution. Shows distribution of results,
Maximum/Minimum fitness, median(blue line) and mean(red line)
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The time taken to reach a solution (Table 5-5) is relatively quick with the median time
for both the F-VPLD and ANN under 20 seconds. The D-VPLD had an evolutionary time
of approximately 40 seconds, twice that of the F-VPLD and ANN.

Table 5-5 Character Recognition Time to Evolve (seconds)

Architecture N Mean Median | CV

D-VPLD 49.5 41.5 0.54
F-VPLD 21 19.8 0.33
ANN 20.1 18.7 0.34

5.1.7 Conclusions
In this section VPLDs using both: 1) binary numbers and digital logic used in FPGA

based EHW research (D-VPLD); and 2) floating point numbers and simple mathematical
arithmetic (F-VPLD); are compared to an ANN for a character recognition task. The three

architectures are evolved using a GA to recognise the characters A-Z.

It was found that the F-VPLD and ANN required a similar number of generations
taking 417 and 387 generations on average to evolve respectively. The time to evolve
both the F-VPLD and ANN is also comparable with both having a median time to evolve
under 20 seconds. The D-VPLD on the other hand takes over twice as many generations
to evolve than the F-VPLD and ANN, however it still found solutions with a median time
of approximately 40 seconds. The longer time to find a solution can be contributed to the
nature of the binary logic used by the D-VPLD. By using binary numbers and digital
logic, it has a more limited number of possible output values for each character. Which
would mean a more specific circuit would be required to achieve the maximum fitness.
This was further highlighted by the violin plots showing the F-VPLD and ANN being
more consistent with the time to evolve compared to the D-VPLD, suggesting fewer
optimal solutions in the fitness landscape of the D-VPLD. The D-VPLD also requires
extra computation time dealing with pseudo bits, opposed to the F-VPLD and ANN which

use data types more native to the computer they are running on.

The evolved solutions could recognise all characters A-Z, in past publications
investigating evolvable hardware architectures, only the characters A-P were
investigated. The binary character recognition problem has been a useful first step in
investigating the VPLD for use in pattern recognition problems and has shown the VPLD
is usable in this domain. The knowledge gained from this problem is applied to the more
complicated melanoma detection task in the following section, which will test whether

the VPLD is a true viable alternative to ANNSs for pattern recognition.
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5.2. Melanoma Classification
This section describes the melanoma classification problem used to evaluate the

system architectures of the D-VPLD, F-VPLD and the ANN used to classify the data. As
with the previous problems, all three classifiers are evolved using the same GA. The aim
of the GA is to find optimal configurations such that the D-VPLD, F-VPLD and ANN
systems can classify benign (non-cancerous) and malignant (cancerous) skin lesions. The
results of each architectures evolution are analysed, and a comparison is made between
the D-VPLD, F-VPLD and ANN.
5.2.1 Melanoma Classification Method

The method used for the classification of melanomas (Fig. 5-9), has 4 main stages; 1)
the images undergo preprocessing for illumination correction, hair removal and noise
reduction; 2) a two-step segmentation using k-means clustering followed by the Otsu
thresholding method; 3) feature extraction, where a set of 16 features is extracted using
the ABCD method [84] and the Grey Level Co-Occurrence Matrix [53]; and 4)
classification where the D-VPLD, F-VPLD and ANN are used to identify from the

extracted features whether the skin lesion is benign or malignant.

Proposed Method
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Input Image Pre-Processing Segmentation ) Classification Output
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| PH2 Database: lllumination | Stage 1: } Set 1: . Binary Classifier: : ::Tag'ef' -
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Fig. 5-9 Proposed Method for melanoma detection from images of benign and malignant skin lesions
a part of the PH2 database

Dataset

The dataset used is the PH2 Database[21], which is a set of 200 768x560 pixel
dermoscopic images, with 80 common nevi (non-cancerous), 80 atypical nevi (non-
cancerous), and 40 melanomas (cancerous). To balance the dataset, augmentation is
performed by applying random transformations on the 40 melanoma images to have a
total of 160 malignant images, which is balanced by the 160 benign images. Examples of

the images are shown below in Fig. 5-10.
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common nevi

atypical nevi

melanoma

(i)

Fig. 5-10 Examples from PH2 Database. Top(a-b-c), common nevus(common benign lesion);
middle(d-e-f), atypical nevus(atypical benign lesion, has common properties to malignant lesions but
are non-cancerous); bottom(g-h-i), melanoma(malignant skin lesions)

For training, the dataset is split 75% for training and 25% for testing. The dataset is
split randomly but still class balanced, so the split of malignant and benign lesions is

50:50 for both the training and test sets.

Image pre-processing

First the raw images from the dataset undergo illumination correction, using contrast
limited adaptive histogram equalization (CLAHE). The CLAHE algorithm is an adaptive
histogram equalization method used to improve the contrast of the images. After
illumination correction, the next step is to perform hair removal using the dull razor
algorithm (Fig. 5-11), the algorithm works best at removing dark hairs from the images.
The algorithm can be implemented in four steps; 1) converting the original image to
greyscale; 2) perform the black hat morphological transform on the greyscale image,
which will enhance dark objects i.e. hairs in the image; 3) apply binary thresholding to
obtain a mask for the hairs in the image; and 4) use the mask as a reference for inpainting
on the original image to replace the regions of hair with new image data that match

neighbouring pixels.
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BlackHat filter + Blur Inpainted Image
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i

L

) ’ ) 0

Fig. 5-11 Dull Razor Method implemented on three examples, from left to right; 1) input image that
has undergone illumination correction; 2) result of Blackhat filter and gaussian blur applied to
greyscale image of the lesion; 3) binary threshold applied to generate the final mask; and 4) the output
image after inpainting to remove hairs

Prior to segmentation, a median filter is applied to attempt to remove any fine hairs
not dealt with by the dull razor algorithm, and to reduce any additional unwanted artefacts

in the image. The median blur improves the performance of the segmentation algorithm.

Segmentation

Segmentation is very important to the correct classification of the images; poor
segmentation will reduce model accuracy as the skin lesion data has low variance between
benign and the malignant (melanoma) lesions. Any errors in segmentation will result in

the data not correctly representing the class of the image.

A two-stage segmentation process is used, the first step uses k-means clustering with
10 clusters, maximum iterations set at 100 and a required accuracy of 85%. K-means
groups similar pixels into clusters based on a mean pixel value, ideally separating skin-
lesion pixels from background skin pixels. The second step uses the Otsu thresholding
method applied to the k-means output converted to greyscale. Otsu is an automatic image
thresholding method that is used to find the optimal threshold level that separates
foreground (skin lesion) and background (normal skin) pixels. The optimal threshold
level minimizes the intra class intensity variance. The output of the Otsu thresholding is

the mask used to segment the image (Fig. 5-12).
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Medain Blur Output  K-means Clustering  Otsu Thresholding Segmented Image

(a)

rvg Y

(f) (9)

b

(i) i) (k)

Fig. 5-12 Segmentation examples. 1) (a-e-i) image with median blur applied; 2) (b-f-j) first stage of
the segmentation using k-means clustering; 3) (c-g-k) second stage of the segmentation using the Otsu
Thresholding method; and 4) (d-h-1) the final segmented image ready for feature extraction

Feature Extraction ABCD

The first set of features extracted from the final segmented image is a set of ABCD
features[84, 85], (Asymmetry, Border, Colour and Diameter). Asymmetry is used as
benign lesions are generally more symmetric in shape compared to malignant lesions. To
calculate the asymmetry features the segmented skin lesion must be orientated and

centred in the image frame (Fig. 5-13).

Find orientation and centroid Correct Position and Orientation Corrected Image

(a) (b) (c)

Fig. 5-13 Orientation and position correction of skin lesion, using OpenCV the best fitted ellipse is
used to find the orientation and the moments of the skin lesion contour are used to find its centroid.
Using this information the skin lesion is reoriented to the centre of the image
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Two asymmetry features are calculated, one for symmetry along the x-axis (4;) and
one for along the y-axis (4,). To calculate each value the skin lesion is flipped along the
respective axis and the difference between the original and flipped images are calculated,
this gives us a value (AL, or AL,) that represents the area of the skin lesion that is not
symmetrical, this value is then divided by the total area of the skin lesion. Equations (5.5)

& (5.6) are used to calculate A; and A4,.

Area of AL (5.5
(A D wheretl, = LB,
Area of AL, (5.6)
2= T oF L of L’ where AL, = L @ L,

(e)

Fig. 5-14 Asymmetry feature calculation visualized. a) original lesion image (L); b) the binary mask
of lesion (L), c) lesion (L) flipped along x-axis to get L,, d) AL, the difference between the original
image and L,, ) lesion (L) flipped along y-axis to get L,, f) AL, the difference between the original

image and L,.
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The border of malignant skin lesions normally has abnormalities such as jagged or
blurry(undefined) edges. For the border features, the length of the perimeter and the area
of the skin lesion is found and used to calculate three features. B; is the ratio of the area
(A) to the perimeter (P). B, is a compactness index, lesions that are closer to a perfect
circle will have a B, value of 1, skin lesions with border abnormalities will have a B,
value that approaches closer to zero the more irregular the border is. Bj is the product of

the area and perimeter of the skin lesion.

A (5.7)
Bl —_ F
_ 4mA (5.8)
2= pz
B; = AP (5.9)

The final shape feature is the diameter of the lesion, malignant lesions tend to be larger
than benign lesions (greater that 6mm in general, however it is possible to have
melanomas smaller than 6mm but it is uncommon [86]). Two diameter feature values are
calculated; D,, the average diameter of the lesion; and D,, the difference between the

principal axis lengths of the best fitted ellipse (major axis Q, minor axis q).

D, = Dazﬂ, where D, = \/%7 and D, = % (5.10)

D,=Q—q (5.11)

The last feature from the ABCD method, is the colour features, malignant lesions tend
to have multiple colours present, whereas benign lesions tend to have only one or two
colours present. The colours checked for are, those identified from the PH2 database[21],
white, red, light-brown, dark-brown, blue-grey and black (the specific 8-bit RGB

threshold values are shown in Table 5-6).

To determine the colour score C;, each colour is checked using a threshold. If a colour
is present in 5% of the skin lesion area, then the colour score is incremented by one, else
a value is added based on the ratio of the pixels within the colour threshold, equation
(5.12). The skin lesion colour score C; ranges from 1 to 6. Three other colour features are

also used, C, average red value, C; average green value, C, average blue value.
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6 (max(P;) ¢ c
C, = z {T or max(P;) < (5.12)
=1 1, for max(P;) =5

where, i is the colour index, and P; is an array of the percentage of pixels within the

colour threshold for each segment.

Ravg
C, =
2 Ravg + Gavg + Bavg (5.13)
Gavg
C. =
3 Ravg + Gavg + Bavg (5.14)
Bavg
C, =
* Ravg + Gavg + Bavg (5.15)

Table 5-6 Thresholds for each colour channel RGB, used to determine colour score

Colour Red Value Green Value | Blue Value
White R>204 G=>204 B>204
Red R>112 60>2G=>230 60=2B=>30

Light brown 234>R2>72 221>G=>48 202>B248
Dark brown | 143>R>61 100>2G=0 100=2B=0
Blue grey 1502R>0 150>2G=>0 255>B2>112
Black 62>2R2>2 62>2G=>2 62>B2>2

All of the ABCD features are normalized in their respective categories to have values

that range from 0 to 1, ready to be used for classification.

Feature Extraction GLCM

The Grey Level Co-Occurrence Matrix originally introduced by Haralick et. Al [53],
is a method used for texture analysis of images. The GLCM is generated by calculating
the frequency of occurrence for pixel pairs with specific grey levels and spatial
relationships with a specific pixel offset. Three parameters are used in the calculation; 1)
pixel offset, distance between pixel pairs; 2) angle between pixels (adjacency direction),
typically 0, 45, 90 and 135; and 3) the number of grey levels (V) in the images being
analysed. The parameters used in this research are shown in Table 5-7. Once the GLCM
is found, a set of features commonly known as Haralick features can be obtained from
calculations using the GLCM, in this study the dissimilarity, correlation, contrast, energy

and homogeneity features are used.
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Table 5-7 GLCM Parameters

Parameter Value

Pixel pair distance offset 3
adjacency direction 0
Grey levels 256

Dissimilarity is a measure of the average difference between neighbouring pixel

intensities, a high value would indicate a large diversity in the lesion texture (5.16).

N N
pIs =Y I3 (=il -pis} (5.16)
i=1 \j=1

Correlation measures the linear dependency of neighbouring pixels, a high correlation
value would mean the texture is more predictable or consistent, therefore the number of
abrupt changes in texture is low (5.17).

?’=1{Z§Y=1{i J- pi,}'}} — Hxlly

COR = (5.17)
0,0,y

where, p, = ﬁv=1i '{Z?’=1pi,j}a Uy = ?’:1]' '{Z?’=1Pi,j}v
szz Iivzl(l #x)z {Z 12911} Oy 1(i .“y)2 {Z 1pu}

Contrast is a measure of local grey level variation of the lesion image, smooth images

have a low contrast value, rough images have a high contrast value (5.18).

N N
i=1\j=1

Energy is the square root of the Angular Second Moment; it is a measure of uniformity
of the lesion image. If the lesion is completely uniform it will have a high energy value

(5.19).

i i (p ) (5.19)

=1 \j=1
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Homogeneity is used to measure how close the elements of GLCM are to the diagonal.
If the elements are concentrated along the diagonal, the homogeneity value will be high.
As with the energy value, homogeneity is another feature used to assess the uniformity of

the lesion.

All of the GLCM features are normalized in their respective categories to have values

that range from 0 to 1, ready to be used for classification.

Classification

The calculated Haralick features from the GLCM are combined with the ABCD
features to form the complete set of 16 features. The inputs are normalised to a floating-
point value ranging from 0 to 1 and are used as the input into the D-VPLD, F-VPLD and
ANN architectures for classification. These three architectures are used to generate a
single output value for the binary classification of the skin lesion (Fig. 5-15). The skin
lesions can be either malignant (cancerous melanoma) or benign (non-cancerous
common/atypical nevus). For an output value greater than 0.5 the lesion is classified as

malignant lesion, if the output is less than or equal to 0.5 the lesion is classified as benign.

Classifier
5
GLCM A=
2 =
A -A- D-VPLD, L
3 F-VPLD ~ » Prediction
B 7
4 Or
C DA
A ANN
D - =
k
Chromosome

Fig. 5-15 Classifier architecture used for the melanoma classification problem
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5.2.2 D-VPLD Classifier Architecture

A variety of architectures are investigated for the binary classification of melanomas,

with the most optimal D-VPLD being a two-layer architecture (Fig. 5-16) with 16 FABs

in the first layer and 9 FABs in the second layer (results of the other architecture evaluated

can be found in section 6.4). The FABs in both layers have 4 multiplexers and a FE with

21 functions (Table 5-9), this FE is the same as the one that is most optimal for the 2WD

problem. As the D-VPLD uses pseudo binary values, the inputs of the 16 features are

quantized into 16 8-bit values using a threshold encoding technique similar to “one-hot”

encoding. The 9 final layer FAB outputs are grouped into three 3-bit outputs and summed

which results in 3 values ranging from 0-3 (Fig. 5-17). The mean of these three values is

calculated for the final output of the D-VPLD, resulting in an output ranging from 0-3.

D-VPLD Architecture

Outputs[9]

Layer 1 Layer 2
1 FABlI~ # FAB1 I—‘
 FAB2 + FAB2 L
Input[128] H
: E fll ras ]
: 2 : |.’ -
i )| FAB Ll 9
16 1
’
CBS

Output ‘ Outputs[1]
| Processing :

Fig. 5-16 D-VPLD Architecture for binary classification of melanomas. Two-layer architecture with
16 FABs in the first layer and 9 FABs in the second layer

Table 5-8 D-VPLD Input encoding technique

Value 8-bit Encoding
x =0 0000 0000
0.125 - Sensor,,,, = x >0 0000 0001
0.25 - Sensor,,,, = x > 0.125 - Sensor,,,, 0000 0011
0.375 - Sensor,,,, = x > 0.25 - Sensor,,,, ~ 00000111
0.50- Sensor,,,4, = x > 0.375 - Sensor,,,,,, 00001111
0.625 - Sensor,,, = x > 0.50 - Sensor,,,, 00011111
0.75- Sensor,;,4, = x > 0.625 - Sensor,,,,,, 00111111
0.875 - Sensor,,,, = x > 0.75 - Sensor,,,,,, 01111111
1.00 - Sensor,,, = x > 0.875 - Sensor,,,, 11111111
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Fig. 5-17 Mean method used by the D-VPLD architecture to group the 3x3 outputs into one output

used to determine the classification of a skin lesion

Table 5-9 D-VPLD Melanoma Classification FE LUT

No. | Logic Function | No. Logic Function
0 (A&B)MCID) | 11 | ('A)&B&C&D
1 A&B&C&D 12 | A&(!B)&C&D
2 I(A&B&C&D) @ 13 | A&B&(!C)&D
3 A|B|C|D 14 | A&B&C&(!D)
4 I(A|B|C|D) 15 | (A|B)&(C|D)
5 (A&B)|(C&D) @ 16 | (A|C)&(B|D)
6 (A&C)|(B&D) @ 17 | (A|D)&(C|B)
7 (A&D)|(B&C) @ 18 | (A"B)&(C”D)
8 (A&B)MC&D) | 19  (AMC)&(BMD)
9 (A&C)MNB&D) | 20  (AMD)&(C"B)
10 | (A&D)A(B&C)

Chromosome and Crossover

The chromosome of the D-VPLD in the melanoma classification problem uses the

same format as seen previously, a set of two-dimensional arrays of integers. The first

layer uses an array of size 16x5, and the second layer an array of size 9x5; this gives a

search space of 1.84 - 10211, The search space is calculated (using equation 4.11) as

follows.

L1 Llpgs L2 L2Fgs
S= (Llinputs MUXS)(Llfunctions FE )(innputs MUXS)(Lqunctions FE )

S = (1286%)( 216)(1636)( 21)

S =1.84-10%11

For this problem, the multipoint crossover introduced in section 4.2.1 is used. The

child chromosomes are mutated based on a 0.5% mutation rate.
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5.2.3 F-VPLD Classifier Architecture
The F-VPLD uses a two-layer architecture with 16 FABs in the first layer, and 3 FABs

in the second layer (Fig. 5-18). This two-layer architecture was found to be the most
optimal for the F-VPLD, other architectures are evaluated and the results for which can
be found in section 6.4. The FABs in both layers have 4 multiplexers and a FE with 21
functions, this FE is similar to the one that was used for the 2WD problem and the
character recognition problem, instead of using a piece-wise linear function or the ReLu
function, the sigmoid function is used (Table 5-10). The inputs are the 16 features
extracted from the lesion image, no pre-processing is required on the inputs as they are
normalised floating-point values ranging from 0-1, suitable for input to the F-VPLD. The
mean of the 3 output values is calculated to generate the final output used for the

classification of the skin lesion, the output ranges from 0-1.

F-VPLD Architecture

Layer 1 Layer 2

FAB1 | FAB1

Outputs[3] | output Outputs[1]

FAB2 | FAB2

Input[16] | Processing

H

— i

U,

FAB
> -
| FA Il 3
16 T
+
]
CBS

Fig. 5-18 F-VPLD Architecture for binary classification of melanomas. Two-layer architecture with
16 FABs in the first layer and 9 FABs in the second layer
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Fig. 5-19 Mean method used by the F-VPLD architecture to group the 3x3 outputs into one output

used to determine the classification of a skin lesion

Table 5-10 Melanoma Classification F-VPLD FE LUT

No.  Function No.  Function

0 f((A+B)*(C-D)) 11 | f((-A)+B+C+D)
1 f(A+B+C+D) 12 f(A+(-B)+C+D)
2 f(-(A+B+C+D)) 13  f(A+B+(-C)+D)
3 f(A*B*C*D) 14 | f(A+B+C+(-D))
4 f(-(A*B*C*D)) 15  f((A*B)+(C*D))
5 f((A+B)*(C+D)) 16  f((A*C)+(B*D))
6 f((A+C)*(B+D)) 17  f((A*D)+(B*C))
7 fllA+D)*(B+C)) 18  f((A*B)-(C*D))
8  fl(A+B)-(C+D)) 19 f((A*C)-(B*D))
9  fl(A+C)-(B+D)) 20  f((A*D)-(B*C))
10  f((A+D)-(B+C))

Chromosome and Crossover

The F-VPLD chromosome uses the same format as the D-VPLD. A set of two-

dimensional integer arrays. For the first layer this is an array of size 16x5, and for the

second layer an array of size 3x5; this gives a search space of 4.31 - 10116, The search

space is calculated (using equation 4.11) as follows.

L1 Llpgs L2 L2FEs
S = (Llinputs MUXS)(Llfunctions FE )(innputs MUXS)(Lqunctions FE)

S = (165%)(216)(16'2)( 21%)

S =4.31-101°

The F-VPLD uses the same multipoint crossover used on the D-VPLD chromosome,

this is the same crossover method used for the 2WD robot control (section 4.2) and

character recognition (section 5.1) problems. The child chromosomes are mutated based

on the mutation rate of 0.5%.
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5.2.4 ANN Classifier Architecture
As with the D-VPLD and F-VPLD various ANN architectures are investigated with

the most optimal being a 16-16-3 fully connected two-layer feedforward ANN (Fig.
5-20). The results of the other architectures tested can be found in Appendix A. The 16
neurons in the hidden layer and the 3 neurons in the output layer all have a bias value and
use the hyperbolic tangent activation function. The weights & biases of the neurons range
from -1 to +1 in steps of 0.01. The ANN like the F-VPLD requires no preprocessing of
the input feature data. The outputs of the ANN use the same postprocessing method as
the F-VPLD, where the mean of the 3 output values is calculated to generate the final
output used for the classification of the skin lesion, the output ranges from 0-1.

ANN Architecture

]
B

Input(16] ] . N S Outputs[3] output | Outputs[1]
6 _':'. --------- N NS e Processing 1 )

PR Ny ' '

N [ ] A ]

. R | ]

"""""" ' ""

Input Hidden QOutput

Fig. 5-20 ANN Architecture for binary classification of melanomas

Chromosome and Crossover

The chromosome of the ANN is a pair of two-dimensional arrays of floating-point
values. For the first layer this is an array of size 16x17, and for the second layer an array
of size 3x17; this gives a search space of 8.55 - 10743, The search space for the ANN can

be calculated (using equation 4.34) as follows.

S = (7’10. Of valuesHweights+bias+0weights+bias)

max — min 1—-1

no.of values =1+ =1+
f increment size 0.01

S = 201272+51

S =8.55-107%
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The ANN uses a multipoint crossover, this is the same crossover method used for the
2WD robot control (section 4.2) and character recognition (section 5.1) problems. The

child chromosomes are mutated based on the 0.5% mutation rate.

5.2.5 Genetic Algorithm
The genetic algorithm used for evolving the D-VPLD, F-VPLD and ANN systems for

the melanoma classification is the same GA used in the previous robotic control problems
and the character recognition problem. However, the GA parameters vary from those used
in the previous problems. The GA process uses a population of 100, the population
evolved for 1000 generations at which point the GA is stopped. At the end of the GA
process the individual with the highest training accuracy is saved as the most optimal
solution. The reproduction process in the GA uses the outlined multi-point crossover
method with a 0.5% mutation rate. The selection process is the two-stage binary
tournament method.
5.2.6 Fitness Evaluation

The fitness evaluation of the VPLDs and ANN is based on the ability of each system
to classify the skin lesions correctly, the skin lesions can be either malignant (cancerous
melanoma) or benign (non-cancerous common/atypical nevus). The fitness value is the

training data accuracy of the individual, ranging from 0-1.

TP + TN (5.21)
TP +TN + FP + FN

Fitness =

where TP and TN are the number of true positive and true negative classifications
respectively, FP and FN are the number of false positive and false negative
classifications respectively. The sum of TP, TN, FP and FN is equal to the number of
samples in the training data (Table 5-11).

Table 5-11 Confusion matrix, for binary classification of skin lesions. Skin lesions are either
malignant (cancerous melanoma) or benign (non-cancerous common/atypical nevus)

Ground Truth: Malignant Ground Truth: Benign

Predictions: Malignant TP FP

Predictions: Benign FN TN
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5.2.7 Results
The D-VPLD, F-VPLD and ANN systems are evolved to classify skin lesions either

as malignant or benign. An optimal solution is a evolved system that could correctly
classify all the skin lesions (100% accuracy). To compare the three architectures, each is
evolved one hundred times to assess their performance. For each evolution attempt the
best fitness (training accuracy) per generation and test accuracy of the best individual per
generation. The test accuracy is recorded for validation of the evolutionary process. Along
with the accuracy data the number of generations and time required to evolve are
recorded. The VPLDs and ANN are compared using: a) evolutionary efficiency, (how
many generations and the computation time required to reach a solution); and b) the

classifier performance (classification accuracy).

Evolutionary Efficiency

The training accuracy (fitness) per generation plot (Fig. 5-21) shows that the VPLDs
have a slightly lower initial rate of evolution than the ANN, however the VPLDs converge
to an optimal solution faster. The D-VPLD and ANN start on average at a high level of
accuracy, but within a few generations the F-VPLD catches up. At the end of the 1000
generations, the ANN reaches the highest training accuracy on average, however the

difference between the three architectures is less than 1%.
D-VPLD, F-VPLD and ANN Average Training Accuracy per Generation
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Fig. 5-21 Average training accuracy (fitness) per generation. Results for the most optimal D-VPLD,
F-VPLD and ANN
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The three architectures require a comparable number of generations to reach an
optimal solution (Table 5-12). The F-VPLD requires the least generations at
approximately 707 on average; compared to the F-VPLD, the ANN requires
approximately 7% more generations, and the D-VPLD requires approximately 4% more
generations to evolve. The F-VPLD and ANN take a very similar time to evolve, both
reaching a high level of accuracy in a short amount of time, approximately 18.5 seconds
on average. The D-VPLD requires the most time, approximately 3 times the computation
time of the F-VPLD and ANN (Table 5-13). As seen in previous sections, the D-VPLD
requires extra computation time dealing with pseudo bits as opposed to the F-VPLD and
ANN which use data types more native to the computer they are running on. The D-VPLD
has to convert the data into binary strings for input and convert the output from binary to

the data format required for classification.

Table 5-12 Melanoma Classification Number of Generations to Evolve

Sys Mean @ Median cv

D-VPLD 738.11 781.5 0.27
F-VPLD 707.44 736 0.27
ANN 757.89 796.5 0.24

Table 5-13 Melanoma Classification Time to Evolve

Sys Mean([s] Median(s] cv
D-VPLD 59.9 63.39 0.26
F-VPLD 18.57 19.26 0.27
ANN 18.51 19.28 0.24

The data distribution of the three architectures is shown in Fig. 5-22, both the F-VPLD
and ANN have a similar range of results with approximately 20 seconds between the
minimum and maximum time to evolve, the D-VPLD on the other hand has

approximately 65 seconds between the minimum and maximum time to evolve.
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Fig. 5-22 A violin plot comparison of the time to evolve a solution. Shows distribution of results,
Maximum/Minimum fitness, median (blue line) and mean (red line)

Classifier Performance

The D-VPLD, F-VPLD and ANN performance is based on the accuracy levels each
achieved. As is seen in Fig. 5-21 all three reached a high training accuaracy, the test
accuracy is also recorded along with the training accuracy as a means to validate the
evolution process. It can be seen that the rate of improvement in test accuracy is
comparable for each of the three architectures, the F-VPLD has a slightly higher rate of
improvement in accuracy (Fig. 5-23). The F-VPLD finishes with the highest test accuracy
on average, but is only marginaly better than the ANN and D-VPLD; the F-VPLD
achieves approximately 1% better accuracy than the D-VPLD, and 0.1% better than the
ANN.

Table 5-14 Training Accuracy (Fitness) for Melanoma Classification problem

Sys Mean @ Median cv

D-VPLD 95.25 95.42 0.01
F-VPLD 95.7 95.83 0.01
ANN 96 95.83 0.01
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Table 5-15 Test Accuracy for Melanoma Classification problem

Sys Mean @ Median cv

D-VPLD 94.44 95 0.02
F-VPLD 95.46 96.25 0.01
ANN 95.31 95 0.02

D-VPLD, F-VPLD and ANN Average Test Accuracy per Generation
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Fig. 5-23 Average test accuracy per generation. Results for the most optimal D-VPLD, F-VPLD and
ANN

Across the 100 results for each of the three architectures, they have a consistent
accuracy, in particular for the training accuracy (Fig. 5-24) with a 4-5% variance across
all the results for the F-VPLD and ANN, and a 7.5% difference between the minimum
and maximum training accuracy for the D-VPLD. For the test accuracy (Fig. 5-25), the
F-VPLD has the smallest distribution ranging from 92.5% to 97.5% accuracy. The D-
VPLD and ANN have a larger distribution ranging from 85% to 97.5% and 91.25% to

97.5% respectively.
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Fig. 5-24 A violin plot comparison of the training accuracy. Shows distribution of results,

Maximum/Minimum fitness, median(blue line) and mean(red line)
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Fig. 5-25 A violin plot comparison of the test accuracy. Shows distribution of results,

Maximum/Minimum fitness, median (blue line) and mean (red line)
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Examples of Evolved solutions

The examples shown are the solutions that achieved the highest training accuracy
across the 100 results of each architecture; of the three examples, the ANN has the highest
training accuracy at 97.9%, both VPLDs achieve a training accuracy of 97.5% (Table
5-16). All three D-VPLD, F-VPLD and ANN achieve the same test accuracy at 96.3%;
there are results that achieved a higher test accuracy but did not achieve the highest
training accuracy, for example the D-VPLD and F-VPLD both have a result with 97.1
training accuracy and 97.5% test accuracy. The example D-VPLD has one false positives
and two false negative (Fig. 5-26), the F-VPLD result has two false positives and one
false negative (Fig. 5-27) and the ANN result has two false positives and one false
negative (Fig. 5-28). In the case of melanoma classification sensitivity (5.22) is the
probability that a skin lesion is correctly classified as malignant (cancerous), specificity

(5.23) is the probability the skin lesion is correctly classified as benign (non-cancerous).

TP
sennsitivity = TP+ EN (5.22)
= 3 3 TN
specificity = TN + FP (5.23)

Table 5-16 Example Solution Accuracy (Fitness) for Melanoma Classification

Result Training Test Sensitivity = Specificity
Accuracy | Accuracy

D-VPLD 97.5% 96.3% 97.5% 95%
F-VPLD 97.5% 96.3% 95% 97.5%
ANN 97.9% 96.3% 100% 92.5%
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D-VPLD Confusion Matrix: 96.3%
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- 30
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Predicted label

Fig. 5-26 Confusion Matrix for D-VPLD example, 97.5% training accuracy, 96.3% test accuracy,
97.5% sensitivity, 95% specificity

F-VPLD Confusion Matrix: 96.3%
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Fig. 5-27 Confusion Matrix for F-VPLD example, 97.5% training accuracy, 96.3% test accuracy,
95% sensitivity, 97.5% specificity
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ANN Confusion Matrix: 96.3%
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Fig. 5-28 Confusion Matrix for ANN example, 97.9% training accuracy, 96.3% test accuracy, 100%
sensitivity, 92.5% specificity

5.2.8 Conclusions
In this section the D-VPLD using digital logic, and the F-VPLD using floating-point

data types and simple mathematical arithmetic, were compared to an ANN for the
classification of skin lesions as either cancerous melanomas or non-cancerous
common/atypical nevus. The three architectures are evolved using the same GA to
classify the lesions using images from the PH2 database. The raw images underwent
preprocessing prior to segmentation of the skin lesion, after segmentation a set of ABCD

and GLCM features are extracted which are used as the input into the classifiers.

Comparing the evolutionary efficiency of the three architectures, all three required a
comparable number of generations to converge to an optimal solution. In regard to
computation time, the D-VPLD required approximately three times the computation time
the ANN and F-VPLD required to evolve. The D-VPLD requires more computation time
because of the extra operations required to deal with pseudo bits. The D-VPLD has to
convert the extracted feature data into to binary strings for input and convert the output

from binary to the data format required for classification.
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The D-VPLD, F-VPLD and ANN all had excellent classifier performance, with the
best solutions of each achieving a test accuracy greater than 96%. When looking at the
average accuracy achieved across the one hundred evolution attempts for each
architecture, the D-VPLD, F-VPLD and ANN all have comparable results. This
experimentation has shown the VPLD using both digital logic and mathematical
arithmetic can achieve comparable accuracy with an ANN when evolved for the

classification of melanoma.

In future work the VPLD could be investigated for other pattern recognition tasks,
such as object recognition for a pick and place robot, or further applications in medical

data classification.
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Chapter 6

Chapter 6: The Effect of VPLD Hyperparameters

This chapter investigates the effect of the VPLD hyperparameters for robotic control
and pattern recognition. Both the evolutionary efficiency and the controller/classifier
performance are considered. For each controller a set of experiments are conducted to
evaluate multiple architectures for four tasks: 1) gait control of a hexapod; 2) 2WD robot
autonomous navigation; 3) character recognition; and 4) melanoma classification. These
experiments are used to find the optimal architectures for the VPLD. Different
hyperparameters are implemented for each experiment, to find the effects of altering the

number of layers, number of FABs and types of functions within the FAB.

The results of the experimentation conducted for each of the four tasks will be
discussed individually, and at the end of the chapter the overall effect of the
hyperparameters will be discussed. Each subsection will also discuss how/why the

optimal architectures used in Chapter 4 and Chapter 5 are chosen.
The variation in the ANN architectures are listed in Appendix A.

6.1. Hexapod Robotic Control
This section contains the description and results of the alternative VPLD and EHW

architectures that are investigated for hexapod gait control but found to have lower
performance than the controllers described in sections 4.1. A discussion is made on the
different hyperparameters used and the effect they have on the outcome of evolution.
6.1.1 VPLD and EHW Control System Architectures

The VPLD/EHW architectures described below use the same inputs and outputs as the
architecture described in section 4.1, but differ in the number of layers and the number of
FAB:s in each layer (Table 6-1).

Table 6-1 Summary of D-VPLD architectures Evaluated for the Hexapod robot

System  Configurations Tested
D-VPLD e 55

e 10-5
e 20-5
e 8-8-8-8-5
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The specific architectures tested are, a) a five-layer 8-8-8-8-5 architecture (Fig. 6-1)
and b) three, two layered architectures 20-5, 10-5 and 5-5 (Fig. 6-2).

Five-Layer: 8-8-8-8-5

8
Air/Gnd
6

Counter 16

7

5
et
Output

Logic 0

Logic 1

4

—7>
Prescaler
661

cBS

Fig. 6-1 Five-layer cartesian architecture, 8-8-8-8-5. Layers one to four contain eight FABs, layer five
contains five FABs

Two-Layer: n-5
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Output
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Logic 1

n=5:190 n=>5:105
n=10: 315 n=10: 210

4

—>

Prescaler
n=20: 545 n=20: 420

CBS >

Fig. 6-2 Two-layer cartesian architecture, n-5. Layer one contains #=20 or 10 or 5 FABs, layer two
contains five FABs

As a recap the complete VPLD controller used to drive a leg of the hexapod is made
up of three individual VPLD units. The architecture for each VPLD unit requires three
groups of inputs to show the current state of the leg motion and two outputs to control the
respective leg servo motor. The inputs are the ground/air phase signal, a counter signal,
and logic 0 and 1 signals. The first of the two outputs is a signed 5-bit value that gives the
angular change of the joint for the given step. The second output is a 4-bit prescaler value

that is used to scale the magnitude of the angular change.
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For all four architectures each FAB contains four multiplexers and a single function
element comprised of a LUT. All the architectures use the same function element (Table
6-2), which consists of 32 digital functions using standard combinational logic, with

‘AND’, ‘OR’, “XOR’ and ‘NOT’ logic operators.

Table 6-2 VPLD and EHW Function Element LUT

No. | Function No. Function

0 A 16 | (A&C)A(B&D)
1 B 17 | (A&D)*(C&B)
2 C 18 | (IA)&B&C&D
3 D 19 A&(!B)&C&D
4 IA 20 | A&B&(!IC)&D
5 B 21 | A&B&C&(!D)
6 IC 22  (A[B)&(C|D)
7 D 23 (A|C)&(B|D)
8 A&B&C&D 24 (A|D)&(C|B)
9 I(A&B&C&D) 25 | (A”B)&(C”D)
10 A/B/C|D 26 | (A7C)&(B7D)
11 | /(A/B|C|D) 27 (A7D)&(C”B)
12 | (A&B)/(C&D) 28 @ A&B

13 | (A&C)[(B&D) 29 @ A&C

14 | (A&D)[(C&B) 30 @ A&D

15 | (A&B)/*(C&D) 31  (A&B)A(C|D)

6.1.2 Results
In this section the results from the experiments performed for each architecture are

compared, to show how and why the optimal architecture discussed in section 4.1 is
chosen. The controllers are evolved to produce an optimal walking gait for a hexapod
robot using the same GA. The walking gait allowed the robot to walk forward in a straight
line, maintaining a constant heading and body attitude. Three hundred solutions for each
controller are evolved, with the maximum number of generations limited to five hundred

for each phase.

The controllers are evaluated based on their evolutionary efficiency, so how many
generations and what is the computation time required to reach a solution. Two platforms

are used to implement the controllers (Table 6-3).
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Table 6-3 Development platforms processor properties

Platform Controllers Tested on Hardware Description
Platform
Terrassic EHW Cyclone V FPGA with a Dual-Core
DE10 Nano ARM Cortex-A9 SOC hardcore
processor (925 MHz).
Desktop PC VPLD Intel 17-11700k Octa-Core processor

(3.6 GHz)

Evolutionary Efficiency
The graph of the fitness per generation (Fig. 6-3) of the four architectures for the VPLD

and EHW show the controller performance (best fitness) per generation and the
evolutionary efficiency (number of generations to reach a solution). The EHW and VPLD
results are similar, as was previously stated this is because the GA, controller architecture,
and chromosome are identical. Any differences in the results are due to the random initial

population, crossover, and mutation.

le3 Best fitness per generation: VPLD 1e3 Best fitness per generation: EHW

1.0

1.0

—— VPLD 8-8-8-8-5 —— EHW 8-8-8-85
VPLD 20-5 EHW 20-5
0.81 — = VPLD 105 0.8 1 — — EHW 105
—. VPLD 5-5 — . EHW 5.5
0.6 l 061
w %)
w wn
i g ‘
¢ |l J
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Fig. 6-3 Comparison of VPLD (left) and EHW (right) best fitness per generation averaged over 300
runs

All the architectures evolved to the same controller performance with only a small
number of generations required to evolve the required fitness. All architectures other than
the 8-8-8-8-5 evolved to the required fitness in less than 100 generations. The same results
have been tabulated, (Table 6-4 - Table 6-7) showing both the number of generations and

the time taken to evolve to the required fitness.
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Table 6-4 VPLD number of generations required to successfully evolve a controller

Architecture Mean Median | CV
VPLD 8-8-8-8-5 | 105.06 94.5 0.5
VPLD 20-5 60.04 56.5 0.4
VPLD 10-5 62.98 61 0.35
VPLD 5-5 68.63 61 0.43

Table 6-5 EHW number of generations required to successfully evolve a controller

Architecture Mean Median | CV

EHW 8-8-8-8-5 | 111.12 93.5 0.61
EHW 20-5 65.11 59 0.38
EHW 10-5 68.51 63.5 0.39
EHW 5-5 79.04 71 0.42

Table 6-6 VPLD computation time required to successfully evolve a controller

Architecture Mean(s] Median[s] | CV

VPLD 8-8-8-8-5 | 2.53 2.28 0.49
VPLD 20-5 1 0.93 0.39
VPLD 10-5 0.81 0.78 0.33
VPLD 5-5 0.75 0.67 0.41

Table 6-7 EHW computation time required to successfully evolve a controller

Architecture Mean(s] Median[s] | CV
EHW 8-8-8-8-5 | 398.7 337.29 0.6
EHW 20-5 170.92 155.35 0.37
EHW 10-5 135.74 126.2 0.38
EHW 5-5 131.28 118.13 0.41

The evolution time reduced as the number of layers reduced, and the number of FABs
within the layers are reduced, with the §-8-8-8-5 architecture requiring significantly more
time to evolve than the other architectures (Table 6-6 & Table 6-7). This is because a
larger number of layers requires a larger chromosome, necessitating more processing time
for the GA process. The number of generations to evolve must also be considered,
however as is seen the 5-5 architecture for the VPLD and EHW is the fastest to evolve
but requires a few more generations on average to evolve than the 10-5 and 20-5
architectures. The consistency in the required time to evolve is much better for the two

layer architectures compared to the larger five layer architecture.
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As all the architectures could evolve a solution, the deciding factor is evolutionary
efficiency, with the overriding factor being the time taken to evolve a solution, rather than
the number of generations. The 5-5 had the best evolution time of 0.75 seconds for the
VPLD and 131.28 seconds for the EHW.

6.1.3 Conclusions

For the hexapod controller architectures two hyperparameters were changed between
the architectures; 1) number of layers, two-layer architectures versus a five-layer
architecture; and 2) varying number of FABs in the first input layer for a two-layer
architecture. The two-layer architectures are faster to evolve, requiring less than 70
generations on average, the larger multilayer architecture required more generations at
approximately 105 on average. The evolution time reduced as the number of layers
reduced, with the 8-8-8-8-5 architecture requiring significantly more time to evolve than

the other architectures.

For the two-layer architectures as the number of FABs in the input layer increase the
time to evolve increased, but the number of generations decrease. This is because the
smaller the VPLD architecture, the faster it is to perform the crossover operation during
reproduction, and also difference in propagation delay, although almost negligible

accumulates over thousands of times the VPLD is executed during the fitness assessment.

All architectures are evolved to the same fitness level, and can be used to control the

robot in simulation and on the physical robot.
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6.2. 2WD Mobile Robot Control
This section contains the description and results of the alternative VPLD architectures

that are investigated for the control of a 2WD mobile robot. These alternative
architectures are found to have lower performance than the architecture described in
section 4.2. The description of the robotic control problem and GA used to evolve the
VPLD architectures discussed below can be found in sections 4.2.1 and 4.2.5
respectively. To evaluate the VPLD architectures they are evolved specifically for the

combined obstacle avoidance and light following problem.

6.2.1 D-VPLD Control System Architectures
For the 2WD robotic control problem five architectures with FABs using the same

function element are evaluated (Table 6-8).

Table 6-8 Summary of D-VPLD architectures Evaluated for the 2WD mobile robot

System  Configurations Tested
D-VPLD o 4-4

o 84

o 164

o 16-16-4

e 16-16-16-4

Three two-layer architectures (Fig. 6-4) with variations in the number of FABs in the
first layer, 4-4, 8-4, and 16-4. Along with the two-layer architectures, another two multi-
layer architectures are investigated, 16-16-4, and 16-16-16-4 (Fig. 6-5). Each
architectures use the same encoded inputs from the IR proximity sensors and light
intensity sensors required for the combined obstacle avoidance and light following task
(as detailed in section 4.2.1). The four output FABs combine to produce a 4-bit signed
value used to set the RPM of one of the robot’s wheels. As discussed in section 4.2.1 two
D-VPLD units are combined to drive the robot, one controls the left wheel, the other

controls the right wheel.
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Fig. 6-4 D-VPLD Architectures for 2WD robot control; two-layer architecture with n FABs in the
first layer (n=4, 8, or 16) and 4 FABs in the second layer.
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Fig. 6-5 D-VPLD Architectures for 2WD robot control; multi-layer architecture with 16 FABs in
each layer except for the final output layer which uses 4 FABs. Architectures with m=2, or 3 layers
(excluding output layer) are evaluated

For all five architectures each FAB contains four multiplexers and a single function
element comprised of a LUT. All D-VPLD architectures use the same function element,
which consists of 21 digital functions using standard combinational logic, with ‘AND’,

‘OR’, ‘XOR’, and ‘NOT’ logic operators (Table 6-9).
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Table 6-9 D-VPLD 2WD Robot FE LUT

No.  Function No. | Function

0 (A&B)A(C|ID) 11  (!A)&B&C&D
1 A&B&C&D 12 | A&(!B)&C&D
2 I(A&B&C&D) | 13 | A&B&(!C)&D
3 A|B|C|D 14 | A&B&C&(!D)
4 I(A|B|C|D) 15 (A|B)&(C|D)
5 (A&B)|(C&D) 16 (A|C)&(B|D)
6 (A&C)|(B&D) 17 (A|D)&(C|B)
7 (A&D)|(B&C) 18 (A”B)&(C”"D)
8 (A&B)*MC&D) 19  (A~C)&(B”D)
9 (A&C)~(B&D) 20 | (AMD)&(C"B)
10 | (A&D)*(B&C)

6.2.2 D-VPLD Results
The five D-VPLD architectures are evolved for the control of the 2WD robot for the

combined obstacle avoidance and light following task; the controllers are required to
drive the robot to the light source without crashing into obstacles in the path of the robot
or the environment boundaries. The evolutionary efficiency and controller performance
for each architecture is investigated. One hundred solutions are evolved for each
architecture being evaluated, the data of each of these one hundred GA runs are used to

assess the system performance. Each architecture evolution is limited to 250 generations.

Each architecture is compared to show how/why the optimal architecture discussed in
section 4.2 is chosen. The effect of the hyperparameters that differ between the five

architectures are discussed.

Evolutionary Efficiency

The results from the evolution of the D-VPLD architectures is shown below; in the
fitness per generation graph (Fig. 6-6) it can be seen clearly that the three two-layer
architectures are the faster to evolve and converge to a higher fitness level on average.
When looking at the computation time and number of generations to evolve (Table 6-10
& Table 6-11) it can be seen that the two-layer architectures require less generations and

significantly less time to evolve than the multi-layer architectures.
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When considering just the two-layer architectures, as the number of FABs in the first
layer increases the generations to evolve decrease. However the trend changes slightly
for the time to evolve, this is because as the architecture gets larger the computation time
increases for the production of offspring in the reproduction phase of a GA; also the
propagation delay increases by a minor amount for a larger architecture, but this
accumulates due to thousands of executions performed by the VPLD during the fitness
assessment. For the multi-layer architectures, comparing 16-4, 16-16-4, and 16-16-16-4,
both the required generations and computation time to converge to a solution increases as

the number of layers increases.
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Fig. 6-6 A comparison of the OA-LF fitness per generation of the five D-VPLD architectures

Table 6-10 The Number of Generations to Evolve D-VPLD for OA-LF Task

Controller Mean Median  CV

4-4 164.73 175 0.36
8-4 162.3 168.5 0.37
16-4 157.97 | 162.5 0.34
16-16-4 172.95 183 0.35

16-16-16-4 | 171.69 | 180.5 0.33
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Table 6-11 Computation Time Required to Evolve D-VPLD for OA-LF Task in Seconds

Controller Mean Median | CV

4-4 100.13 | 107.34 0.37
8-4 97.87 101.54 | 0.39
16-4 98.44 100.94 0.36
16-16-4 124.6 129.6 0.36

16-16-16-4 = 140.72 152.17 0.34

Controller Performance

For the controller performance it can be seen for the three two-layer architectures as
the number of FABs in the first layer increases, the average fitness level increases (Table
6-12). However, when the number of layers increases the fitness level decreases
significantly. This may be because the 250-generation limit applied to the evolution is not
long enough to find an optimal configuration for the larger architecture. The decreased
fitness and slow evolution of the multi-layer architectures could also be contributed to the
multi-point crossover being overly destructive to the larger architectures, chains of genes
passing information between layers could be broken during the multi-point crossover, in

future work the use of different crossover operations could be investigated.

Table 6-12 The D-VPLD Fitness reached for the OA-LF Task

Controller Mean Median  CV

4-4 70.76 74.64 0.18
8-4 71.66 75.23 0.18
16-4 74.64 76.93 0.13
16-16-4 58.28 58.94 0.27

16-16-16-4  49.25 46.56 0.33

The optimal controller used in section 4.2 is the 16-4 architecture, of the five
architectures evaluated the 16-4 architecture is the most optimal because it required the
least generations on average and achieved the highest average fitness. The 16-4

architecture also had the lowest variance in fitness.
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6.2.3 F-VPLD Control System Architectures
For the F-VPLD in the 2WD robotic control problem, five architectures with FABs

using the same function element are investigated (Table 6-13).

Table 6-13 Summary of D-VPLD architectures Evaluated for the 2WD mobile robot

System | Configurations Tested

F-VPLD .
[ ]
[ ]
[ ]

4-4
8-4

16-4
16-16-4
16-16-16-4

Three two-layer architectures (Fig. 6-7) with variations in the number of FABs in the

first layer, 4-1, 8-1, and 16-1; as well as two multi-layer architectures are investigated,

16-16-1, and 16-16-16-1. The five architectures input is the floating-point data from the

IR proximity sensors and light intensity sensors required for the combined obstacle

avoidance and light following task as detailed in section 4.2.3. The F-VPLD has a single

output FAB which is a floating-point value used to set the RPM of one of the robot’s

wheels. As discussed in section 4.2.3 two F-VPLD units are combined to drive the robot,

one controls the left wheel, the other controls the right wheel.
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Fig. 6-7 F-VPLD Architectures for 2WD robot control; two-layer architecture with n FABs in the
first layer (n=4, 8, or 16) and 1 FAB in the second layer.
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Fig. 6-8 F-VPLD Architectures for 2WD robot control; multi-layer architecture with 16 FABs in each
layer except for the final output layer which uses 1 FAB. Architectures with m=2, or 3 layers
(excluding output layer) are evaluated

The three two-layer architectures and the two multi-layer architectures use the same

FAB. Each FAB contains four multiplexers and a function element. The function element

LUT (Table 6-14) has 21 functions which use standard mathematical arithmetic, with

‘plus’, ‘minus’ and ‘multiply’ operations. The activation functions fis a piece-wise linear

activation function (with output ranges from -2 to +2).

Table 6-14 F-VPLD 2WD Robot FE LUT

No. | Function No. | Function

0 f((A+B)*(C-D)) 11  f((-A)+B+C+D)
1 f(A+B+C+D) 12 | f(A+(-B)+C+D)
2 f(-(A+B+C+D)) 13 | f(A+B+(-C)+D)
3 f(A*B*C*D) 14 | f(A+B+C+(-D))
4 f(-(A*B*C*D)) 15 | f((A*B)+(C*D))
5 f((A+B)*(C+D)) 16 | f((A*C)+(B*D))
6 f((A+C)*(B+D)) 17 | f((A*D)+(B*C))
7 f((A+D)*(B+C)) 18 | f((A*B)-(C*D))
8 f((A+B)-(C+D)) 19 @ f((A*C)-(B*D))
9 f((A+C)-(B+D)) 20 | f((A*D)-(B*C))
10  f((A+D)-(B+C))
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6.2.4 F-VPLD Results
As for the D-VPLD, the five F-VPLD architectures are evolved for the control of the

2WD robot for the combined obstacle avoidance and light following task; the controllers
are required to drive the robot to the light source without crashing into obstacles in the
path of the robot or the environment boundaries. The evolutionary efficiency and
controller performance for each architecture is investigated. One hundred solutions are
evolved for each architecture being evaluated, the data of each of these one hundred GA
runs are used to assess the system performance. Each architecture evolution is limited to

250 generations.

Each architecture is compared to show how/why the optimal architecture discussed in
section 4.2 i1s chosen. The effect of the hyperparameters that differ between the five

architectures are discussed.

Evolutionary Efficiency

When viewing the average fitness per generation graph (Fig. 6-9), two observations
(which are the same for the D-VPLD) are noted; 1) for the two-layer architectures, the
rate of evolution increases with an increase in FABs in the first layer; and 2) for the multi-
layer architectures considering the 16-4, 16-16-4, and 16-16-16-4, as the number of layers
increases the rate of evolution decreases. Also, for the generations and computation time
to evolve similar trends are observed for the D-VPLD are present. The number of
generations to evolve is larger for the 16-16-4 and 16-16-16-4 multilayered architectures
compared to the 16-4 architectures, however there is not a linear relationship between the

number of layers and the average generations to evolve (Table 6-7).

Table 6-15 The Number of Generations to Evolve F-VPLD for OA-LF Task

Controller Mean Median | CV

4-4 135.12 | 1345 0.47
8-4 125.56 | 123.5 0.55
16-4 127.56 | 117.5 0.47
16-16-4 151.19 168 0.44

16-16-16-4 150.66 @ 150.5 0.44
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Fig. 6-9 A comparison of the OA-LF fitness per generation of the five F-VPLD architectures

Comparing the D-VPLD and F-VPLD time to evolve (Table 6-11 & Table 6-16), for

the same layer and FAB architecture the F-VPLD is faster to evolve on average, this is

because the F-VPLD use the floating-point data type native to the CPU and maths

coprocessor environment, whereas the D-VPLD use binary digital logic which requires

the sensors input data to be encoded as binary data, and then output has to be converted

back to floating point to drive the robot, these extra operations slows down the D-VPLD

evolution.

Table 6-16 Computation Time Required to Evolve F-VPLD for OA-LF Taskin Seconds

Controller = Mean Median | CV
4-4 68.03 66.7 0.5
8-4 62.63 58.1 0.6
16-4 67.08 61.31 0.52
16-16-4 89.52 97.97 0.48
16-16-16-4 | 98.67 96.69 0.46
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Controller Performance

Again, similar trends as were seen with the D-VPLD are observed for the F-VPLD.
For the two-layer architectures, the average evolved fitness increase with an increase in
the number of FABs in the first layer (Fig. 6-17). For the multilayered architectures again
as the layers increase the fitness decreases, however compared to the D-VPLD fitness

levels, the F-VPLD 16-16-4 and 16-16-16-4 architectures achieve a higher fitness.

Table 6-17 The F-VPLD Fitness reached for the OA-LF Task

Controller Mean Median  CV

4-4 73.61 76.62 0.22
8-4 77.07 76.39 0.13
16-4 81.49 83 0.07
16-16-4 75.72 77.12 0.14

16-16-16-4 | 72.17 74.5 0.17

When choosing the optimal F-VPLD architecture to use in section 4.2, both the
evolutionary efficiency and controller performance are considered. The two best
architectures are the 16-4 and 8-4. The 8-4 architecture is the fastest to evolve, however
the 16-4 architecture only requires a few seconds extra on average. The 16-4 architecture
reaches a higher fitness compared to the 8-4 F-VPLD. Ultimately the 16-4 F-VPLD
architecture is chosen as the most optimal architecture because it reaches the highest
fitness level and its time to evolve is comparable to the fastest F-VPLD architecture (8-
4).

6.2.5 Conclusions

For the 2WD autonomous navigation control architectures three hyperparameters were
changed between the architectures; 1) number of layers, (two, three, and four layer
architectures were investigated; 2) varying number of FABs in the first input layer for a
two-layer architecture; and 3) using digital variables and logic function array blocks

versus using floating-point variables and arithmetic function array blocks.

D-VPLD
The D-VPLD, results where similar in the 2WD and the hexapod robotic control task.

The smaller two-layer architectures require less time to evolve because of the reduced
computation during the reproduction stage of the GA. As the number of FABs in the first
layer increases the number of generations required to evolve the D-VPLD architecture
decreases. The median time to evolve for the three two-layer architectures decreases with

the number of FABs increasing in the first layer. This is because the 2WD robotic
199



simulation has a higher computational load compared to the simulation used to evolve the
hexapod. Therefore, the extra fitness assessments required by taking more generations to
evolve has a bigger impact on the time to evolve, rather than the computation time to
complete the reproduction etc. because the size difference between the two-layer

architectures is relatively small.

For the D-VPLD controller performance, the average fitness achieved decreased both
for a reduced number of layers and for a reduced number of FABs in the first layer. The
decreased fitness and slow evolution of the multi-layer architectures could be contributed
to the multi-point crossover. This crossover method can be destructive to the multilayer
architectures, because chains of genes passing information between layers could be

broken during the multi-point crossover.

F-VPLD
When using the F-VPLD for the 2WD robot, similar trends to the D-VPLD are

observed. The smaller two-layer architectures require less time to evolve than the three-
and four-layer architectures. Time to evolve increases with an increase in the number of
layers. For the two-layer architectures when increasing the number of FABs in the first
layer, the median generations to evolve decreases the same as the D-VPLD. The F-VPLD
controller performance (fitness) decreases with an increase in the number of layers. For
the two-layer architectures, with an increase in FABs in the first layer, the average fitness

level achieved increases, and the level of variance in the fitness level achieved decreases.

Comparing the use of digital logic FABs for the D-VPLD, and the use of floating-point
arithmetic for the F-VPLD. The F-VPLD architectures require less generations and time
to evolve and reach higher fitness levels on average. For the number of generations and
the fitness level, the increased performance of the F-VPLD may be because the
mathematical functions and floating-point data have a higher fidelity compared to digital
logic, and this higher fidelity makes solving complex and dynamic control tasks such as
the autonomous navigation task of a 2WD robot easier. For the difference in the time to
evolve, this is obviously contributed to in part the increased generations, but also because
the D-VPLD uses binary digital logic. The use of digital logic requires the sensors input
data to be encoded as binary data, and then the output has to be converted back to floating
point to drive the robot, these extra operations slows down the execution of the D-VPLD

evolution.
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6.3. Character Recognition
This section contains the description and results of the alternative VPLD architectures

that are investigated for character recognition but found to have lower performance than
the classifiers described in section 5.1. A description of the GA used to evolve the

architectures discussed below can be found in section 5.1.4.

6.3.1 D-VPLD and F-VPLD Classifier Architectures
The D-VPLD and F-VPLD share the same architecture and the same FAB architecture,

however the D-VPLD and F-VPLD use different function element operations and
variable data type. The input for the D-VPLD and F-VPLD is a character image converted
to an array. The input array is in a binary form (0-black pixel and 1-white pixel). The
output is a set of 26 values, one for each letter in the alphabet. The output value with the

highest value determines the selected character.

The VPLD hyperparameters tested are broken into three parts: 1) the number of FABs
in the output layer of a two-layer architecture; 2) two different function elements; and 3)
different post-processing operations on the final FABs outputs to get the prediction (Table
6-18).

Table 6-18 D-VPLD and F-VPLD architectures evaluated for Character Recognition

System | Configurations Tested
D-VPLD o 52-26
o with FE LUT A
o with FE LUT B

o with FE LUT A and mean output grouping

o with FE LUT B and mean output grouping
F-VPLD o 52-26

o with FE LUT C

o with FE LUT D

o with FE LUT C and mean output grouping
o with FE LUT D and max output grouping
o with FE LUT C and mean output grouping
o with FE LUT D and max output grouping
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Two architectures for the D-VPLD and F-VPLD are investigated: 1) a 52-26 two-layer
architecture, where a single FAB determines the level of activation of a given character;
and 2) a 52-78 two-layer architecture, where 3 FABs are grouped together to determine
the level of activation of a given character. The outputs of the D-VPLD and F-VPLD go
through the SoftMax function.

D-VPLD & F-VPLD
Architecture
O —
9 Layer 1 Layer 2
1 > FAB1 |H " FABL ||
; | | [ e 1 a
[]
Output
0 o FAB2 [ P FaB2 ) Outmut L b |
Inputs : Processing H
' ; ! : H : 0
1 : ! BB ! '
: E P 5 — 0
: v "# FABs [pr-- 25:7 0
il FAB Il
52 A 0
34 -1 4

CBS

Fig. 6-10 VPLD and F-VPLD architecture. Layer one contains 52 FABs, layer 2 contains s=26 or 78
FABs

In both architectures each FAB contains four multiplexers and a function element, a
detailed description of the FABs can be found in section 5.1.2. For both the D-VPLD and
F-VPLD two different function element LUTs are investigated. This is done because the
functions used in the robotic control problems may not be suitable for character
recognition. For the D-VPLD, LUT-A (Table 6-19) has 21 digital functions and LUT-B
(Fig. 6-20) has 31 digital functions.
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Table 6-19 D-VPLD Character Recognition FE LUT-A

No.  Function No. | Function

0 (A&B)AC|ID) 11 (!A)&B&C&D
1 A&B&C&D 12 | A&(!B)&C&D
2  |(A&B&C&D) 13 | A&B&(!C)&D
3 A|B|C|D 14 A&B&C&(!D)
4 I(A|B|C|D) 15 (A|B)&(C|D)
5
6
7
8
9

(A&B)|(C&D) | 16 @ (A|C)&(B|D)

(A&C)|(B&D) | 17  (A|D)&(C|B)

(A&D)|(B&C) | 18 (A"B)&(CAD)

(A&B)A(C&D) 19 | (AAC)&(BAD)

(A&C)MB&D) | 20 (AMD)&(C”B)
10 | (A&D)*(B&C)

Table 6-20 D-VPLD Character Recognition FE LUT-B

No. Function No. | Function

0 (A&B)~(C|D) 16  ((!A)&B)]|((!C)&D)

1 A&B&C&D 17  (A&(!B))|(C&(!D))

2 I(A&B&C&D) 18  (('A)&(!'D))|(('B)&(!C))
3 ('A)&B&C&D 19 | (AMB)&(CMD)

4 A&(!B)&C&D 20 | (AMC)&(BAD)

5 A&B&(!C)&D 21 | (A*D)&(C"B)

6 A&B&C&(!D) 22 | ((A)&B)A((!C)&D)

7 A&(IB)&(!IC)&(!D) 23 | (A&(!B))MC&(!D))

8 ('A)&B&(!IC)&(!D) | 24 | (('A)&(!'D))A(('B)&(!C))
9 ('A)&(!B)&C&(!D) 25 @ (A|B)&(C|D)

10 | ('A)&(!B)&(!C)&D 26 (A|C)&(B|D)

11 | A|B|C|D 27 | (A|D)&(C|B)

12 | |(A|B|C|D) 28 | (AMB)&(CAD)

13 | (A&B)|(C&D) 29 | (ArC)&(BMD)

14 | (A&C)|(B&D) 30  (A~D)&(C"B)

15 | (A&D)|(B&C)

The F-VPLD uses floating-point variables and include basic arithmetic operators,
‘plus’, ‘minus’ and ‘multiply’. LUT-C and D both have the same 21 functions, but an
activation function is used like those used in ANN. As can be seen in Table 6-21 & Table
6-22 the F-VPLD LUTs are the same but use two different activation functions fand g.
The activation function f is the ReLu activation function, and g is a piece-wise linear

activation function.
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Table 6-21 F-VPLD Character Recognition FE LUT-C

No. | Function No. | Function

0 f((A+B)*(C-D)) 11  f((-A)+B+C+D)
1 f(A+B+C+D) 12 | f(A+(-B)+C+D)
2 f(-(A+B+C+D)) 13 | f(A+B+(-C)+D)
3 f(A*B*C*D) 14  f(A+B+C+(-D))
4 f(-(A*B*C*D)) 15 | f((A*B)+(C*D))
5 f((A+B)*(C+D)) 16 | f((A*C)+(B*D))
6 f((A+C)*(B+D)) 17 | f((A*D)+(B*C))
7 f((A+D)*(B+C)) 18 @ f((A*B)-(C*D))
8 f((A+B)-(C+D)) 19 | f((A*C)-(B*D))
9 f((A+C)-(B+D)) 20 @ f((A*D)-(B*C))

=
o

f((A+D)-(B+C))

Table 6-22 F-VPLD Character Recognition FE LUT-D

No.  Function No.  Function

0 g((A+B)*(C-D)) 11  g((-A)+B+C+D)
1 g(A+B+C+D) 12 g(A+(-B)+C+D)
2 g(-(A+B+C+D)) | 13 | g(A+B+(-C)+D)
3 g(A*B*C*D) 14  g(A+B+C+(-D))
4 g(-(A*B*C*D)) 15 | g(A*B)+(C*D))
5 g((A+B)*(C+D)) 16 | g((A*C)+(B*D))
6 g((A+C)*(B+D)) 17 | g((A*D)+(B*C))
7 g((A+D)*(B+C)) 18  g((A*B)-(C*D))
8  g((A+B)-(C+D)) 19 g((A*C)-(B*D))
9  gl((A+C)-(B+D)) 20  g((A*D)-(B*C))
10  g((A+D)-(B+C))

The output of the D-VPLD is an array of binary values, for the F-VPLD it is an array
of floating-point values. For the 52-26 architecture, where there is one output for each
character, the output arrays skip the grouping process and are passed through a SoftMax
function. For the 52-78 architecture, the output is combined into groups of three (26x3).
Once grouped values are either averaged or the max value of the group is chosen as the
output for the respective character. Once the grouped outputs are processed resulting in
an output array of size 26, the output is fed into the SoftMax function to get the final
result. Note the Max output method is not evaluated with the D-VPLD as each output
value is binary and it would not make sense to apply such a function to binary values. It
also complicates the evolution for the D-VPLD, as the D-VPLD system has to evolve into
a solution where at least one of the outputs in a group corresponding to the correct

character is active, while all other groups with 3 FABs must all produce a 0 output.
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6.3.2 D-VPLD and F-VPLD Results
Experiments are performed for the D-VPLD and F-VPLD with varying architectures.

The D-VPLD and F-VPLD evolutionary efficiency for each architecture is investigated
using two different function elements each. For the architectures using the grouped
outputs, mean and max grouping functions are tested. The different configurations for

each architecture are compared to find the most optimal solutions.

The D-VPLD and F-VPLD systems are evolved to recognise 26 binary character
images(A-Z), an optimal solution is a system that can recognise each character. One
hundred solutions are evolved for each architecture being evaluated, the data from each
of these one hundred GA runs are used to assess the system performance. For each GA
run the best fitness per generation and the time taken to run the GA system is recorded,

this information allows us to determine the evolutionary efficiency of each system.

Evolutionary Efficiency

For the 52-26 D-VPLD, both the systems tested take over 3000 generations to evolve.
The D-VPLD architecture using FE-B which has a bigger LUT is approximately 800
generations faster to evolve than the architecture using FE-A (Table 6-23). Looking at
computation time to evolve, the architecture using FE-B is 1 minute 16 seconds faster to
evolve than the architecture using FE-A (Table 6-24) both architectures took less than 3

minutes to evolve a solution on average.

For the 52-26 F-VPLD, there is a large difference between the F-VPLD system using
FE-C and FE-D. The FE-C solution requires approximately 1633 less generations to
evolve than the FE-D solution (Table 6-23). As the difference in number of generations
to evolve is large, the computation time required to evolve is not close either, however
both solutions take less than a minute on average to evolve. The FE-D solution is 3x
slower to evolve (Table 6-24). Both FE-C and FE-D are very similar they only differ in
the use of the Relu function versus a piece-wise linear activation function, all
mathematical operations are the same. As with ANNs the use of such activation functions
has an effect on performance and the learning rate of the architecture. In future work more

functions could be investigated to see how they affect the rate of optimization.
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Comparing the D-VPLD and F-VPLD results using the 52-26 architecture the best F-

VPLD result required less generations and significantly less computation time to evolve.

The average best fitness per generation of all the architectures evaluated is shown in Fig.

6-13.

Table 6-23 Character Recognition generations to evolve. 52-26 D-VPLD and F-VPLD comparison
using FE-A and FE-B

System Mean Median cv

D-VPLD FE-A 4045.78 33525 0.61
D-VPLD FE-B 3241.68 2693 0.59
F-VPLD FE-C 804.11 694 0.47
F-VPLD FE-D 2437.92 1855 0.75

Table 6-24 Character Recognition time to evolve. 52-26 D-VPLD and F-VPLD comparison using FE-

A and FE-B

System Mean(s] Median(s] cv

D-VPLD FE-A 153.52 111.1 0.68
D-VPLD FE-B 78.02 64.25 0.59
F-VPLD FE-C 17.28 15.05 0.46
F-VPLD FE-D 52.04 40.22 0.74

52-26 D-VPLD and F-VPLD Fithess per Generation

Fitness

] me D-V/PLD FE-A
547 - =+ D-VPLD FE-B
/ == = F/PLD FE-C
o == F-VPLD FE-D
0 200 400 600 800 1000
Generation

Fig. 6-13 Character Recognition best fitness per generation. 52-26 D-VPLD and F-VPLD comparison

using FE-A , FE-B, FE-C and FE-D
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Looking at the 52-78 architectures for the D-VPLD and F-VPLD, these architectures
are faster to evolve than the 52-26 architecture. The 52-78 D-VPLD uses the mean output
group function. Both results using the mean output group function are quick to evolve,
however they require twice the number of generations of the F-VPLD results using the
mean method (Table 6-25). This is also seen in the computation time required to evolve
(Table 6-26). Specifically looking at the F-VPLD results, the max method is significantly
slower than the mean method. The average best fitness per generation of all the 52-78
architectures evaluated is shown in Fig. 6-14, the D-VPLD and F-VPLD results using the
mean method have a comparable initial rate of evolution but the D-VPLD requires more

generations to reach a solution that can recognise all the characters.

The most optimal solution for the D-VPLD and F-VPLD is the 52-78 architecture
using the mean output group method, specifically for the D-VPLD this is the architecture
using FE-B, for the F-VPLD it is the architecture using FE-C; these architectures are used

in the main chapters for the comparison with the ANN (section 5.1).

Table 6-25 Character Recognition generations to evolve, 52-78 D-VPLD and F-VPLD FE comparison

System Mean Median cv

D-VPLD Mean FE-A 1176 826 0.77
D-VPLD Mean FE-B 930.3 780 0.55
F-VPLD Mean FE-C 417.1 392 0.34
F-VPLD Mean FE-D 512.73 479 0.34
F-VPLD Max FE-C 1071.72 704.5 0.96
F-VPLD Max FE-D 3204.82 2333.5 0.82

Table 6-26 Character Recognition time to evolve, 52-78 D-VPLD and F-VPLD FE comparison

System Mean(s] Median(s] cv

D-VPLD Mean FE-A 62.17 44.78 0.76
D-VPLD Mean FE-B 49.45 41.56 0.54
F-VPLD Mean FE-C 21.02 19.85 0.33
F-VPLD Mean FE-D 25.26 23.88 0.33
F-VPLD Max FE-C 45.92 30.47 0.95
F-VPLD Max FE-D 139.75 103.87 0.81
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52-78 D-VPLD and F-VPLD Fitness per Generation
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Fig. 6-14 Character Recognition best fitness per generation, 52-78 D-VPLD and F-VPLD comparison
using FE-A, FE-B, FE-C and FE-D

6.3.3 Conclusions
For the character recognition problem three hyperparameters were changed between

the architectures; 1) varying number of FABs in the output layer for a two-layer
architecture; 2) different post-processing operations on the final FABs outputs to get the
prediction, and 3) the use of two different FEs using digital logic and two different FEs

using floating-point arithmetic.

D-VPLD
For the evolution of the D-VPLD in the character recognition problem, the architecture

with more FABs in the output layer (52-78) required significantly less generations to
evolve compared to the smaller 52-26 architecture when using the two different function
elements (FE-A and FE-B). This is because the smaller architecture has a single binary
value output for each of the 26 characters, to get a correct decision only the respective
output can be active. When using multiple FABs for the output of each character, a level
of activation can be obtained for each character using a post-processing function, this
means the correct character only has to have the highest level of activation, the other
outputs could have a minor activation and not affect the prediction. Because of the
significant difference in the number of generations the smaller D-VPLD required more

computation time to evolve.
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Of the two D-VPLD FABs implemented the FAB with the larger LUT of functions
(FE-B) required less generations and time to evolve. All the D-VPLD architectures have

the same classifier performance as they can evolve to recognize all 26 characters A-Z.

F-VPLD
For the F-VPLD, for all six architectures evaluated, the results using FE-C with ReLu

are faster to evolve than when using FE-D, requiring less generations to recognize all 26
characters. Like the D-VPLD the 52-78 architecture using a mean output processing
function is faster to evolve than the smaller 52-26 architecture. However, the 52-78
architecture using a max output processing function is slower than the smaller F-VPLD.
This may be because of the nature of a VPLD and specifically for using binary 1 and 0’s
as input to the F-VPLD for this problem, this would mean the levels of activation for a
given function would remain the same as data is passed through the VPLD, resulting in
multiple outputs more likely having the same level of activation. Meaning by having
multiple FABs used to determine the activation of an individual character, it increase the
probability that multiple character outputs are active, which makes making correct
predictions more challenging. Unlike the ANN which uses weights and bias which can
change the effect of signals as they pass through the network which is why the ANN
performed better with the max output function (section 5.1) than the F-VPLD did. All the
F-VPLD architectures have the same classifier performance as they can evolve to

recognize all 26 characters A-Z.

Comparing the equivalent D-VPLD and F-VPLD architectures, the F-VPLD is faster
to evolve. For the fastest 52-26 architectures the F-VPLD using FE-D is approximately
4x faster than the D-VPLD using FE-B. For the 52-78 architectures using the mean output
processing, the F-VPLD using both FE-C and FE-D were faster than both D-VPLD
implementations. So as with the 2WD robotic controllers, the VPLD when using FABs
with floating-point arithmetic instead of digital logic requires less generations and

computation time to evolve.
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6.4. Melanoma Classification
This section contains the description and results of the alternative VPLD architectures

that are investigated for the melanoma classification problem but found to have lower
performance than the architecture described in section 5.2. The description of the
proposed method and GA used to evolve the architectures discussed below can be found
in sections 5.2.1 and 5.2.5 respectively.
6.4.1 D-VPLD Classifier Architectures

Three two-layer architectures (Fig. 6-15) with variations in the number of FABs in the

output layer and the function elements are investigated (Table 6-27).

Table 6-27 D-VPLD architectures evaluated for melanoma classification

System  Configurations Tested
D-VPLD o 16-1
o with FE LUT A
o with FE LUT B

o with FE LUT A and mean output grouping
o with FE LUT B and mean output grouping

o with FE LUT A and mean output grouping
o with FE LUT B and mean output grouping

For the 16-3 architecture, the three FABs are summed to determine the level of
activation for a given input (Fig. 6-17). For the 16-9 architecture the output is split into
groups of three, each group of three bits is summed, then the average activation of the
groups is used as the final output for classification which is a floating-point value (Fig.

6-16).
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Fig. 6-15 D-VPLD architecture for binary classification of melanomas. Two-layer architecture with
16 FABs in the first layer and s FABs in the second layer. s = 1,3 or 9

Fig. 6-16 Mean method used by the D-VPLD architecture to group 9 outputs into one output used to
determine the classification of a skin lesion
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Fig. 6-17 Sum method used by the D-VPLD architecture to group 3 outputs into one output used to
determine the classification of a skin lesion

The D-VPLD inputs are the 16 extracted ABCD and GLCM features described in
section 5.2. The inputs are converted into a binary form suitable for the D-VPLD by
quantizing them into 8 bits, and forming a binary array. As stated, after some post-
processing the output for each architecture is a single value used for the classification of
a given skin lesion. The output for the 16-3 and 16-9 architectures’ ranges from 0-3. The

16-1 architecture output is either O or 1.

For both architectures each FAB contains four multiplexers and a single function
element. Two different function element LUTs are investigated with these architectures.
LUT-A has 21 digital functions and LUT-B has 31 digital functions, both LUT use
standard combinational logic, with ‘AND’, ‘OR’, ‘XOR’, and ‘NOT’ logic operators.
These are the same function element LUTs investigated for the Character Recognition

problem.

Table 6-28 D-VPLD Melanoma Classification FE LUT-A

No. Function No. Function

0 (A&B)MC|ID) 11 (!A)&B&C&D
1 A&B&C&D 12 | A&(!B)&C&D
2  |(A&B&C&D) 13 | A&B&(!C)&D
3 A|B|C|D 14 A&B&C&(!D)
4 I(A|B|C|D) 15 (A|B)&(C|D)
5 (A&B)|(C&D) 16 @ (A|C)&(B|D)
6 (A&C)|(B&D) 17 @ (A|D)&(C|B)
7 (A&D)|(B&C) 18 @ (A”B)&(C"D)
8 | (A&B)MC&D) 19 | (AMC)&(BAD)
9 | (A&C)MB&D) 20 | (A"D)&(C"B)
10 (A&D)AMB&C)
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Table 6-29 D-VPLD Melanoma Classification FE LUT-B

No. Function No. | Function

0 (A&B)*C|D) 16  (('A)&B)|((!C)&D)

1 A&B&C&D 17  (A&(!B))|(C&(!D))

2 I(A&B&C&D) 18  ((!A)&(!'D))|(('B)&(!C))
3 ('A)&B&C&D 19 | (AMB)&(C”D)

4 A&(!B)&C&D 20 (AMC)&(B7D)

5 A&B&(!C)&D 21 | (AMD)&(C"B)

6 A&B&C&(!D) 22 ((!A)&B)7((!C)&D)

7 A&(!B)&(!C)&(!D) 23 @ (A&(!B))MC&(!D))

8 ('A)&B&(!IC)&(!D) | 24 | (('A)&(!'D))A((!B)&(!C))
9 ('A)&(!B)&C&(!D) 25 @ (A|B)&(C|D)

10 | ('A)&(!B)&(!C)&D 26 (A|C)&(B|D)

11 | A|B|C|D 27 (A|D)&(C|B)

12 | |(A|B|C|D) 28 | (AMB)&(CAD)

13 | (A&B)|(C&D) 29 | (AMC)&(BAD)

14 | (A&C)|(B&D) 30 (A"D)&(C"B)

15 | (A&D)|(B&C)

6.4.2 D-VPLD Results
Experiments are performed for the three D-VPLD architectures with two different

function elements. The evolutionary efficiency and classification accuracy for each
architecture is investigated. The different configurations for each architecture are
compared to show how/why the optimal architecture discussed in section 5.2 is chosen.
The D-VPLD systems are evolved to classify skin lesions from the PH2 database, the
lesions are either malignant (cancerous melanoma) or benign (non-cancerous
common/atypical nevus). One hundred solutions are evolved for each architecture being
evaluated, the data of each of these one hundred GA runs are used to assess the system

performance.

Evolutionary Efficiency
When looking at the training accuracy(fitness) per generation, there is a trend in the

result, the training accuracy increases with the increase in FABs in the second output
layer (Fig. 6-18). The difference in the results between the two different function elements
tested is minor. The smaller 16-3 and 16-1 architectures require the least generations and
computation time to converge to an optimal solution, but both reach a lower training

accuracy compared to the 16-9 architecture (Table 6-30 & Table 6-31).
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The 16-3 and 16-1 require less than 50s on average to evolve, whereas both

configurations of the 16-9 architecture take approximately 60s to evolve, the extra

computation time can be contributed to two factors, 1) the extra generations required to

optimize the larger chromosome, and 2) the extra time required to process a larger VPLD

in the fitness assessment and during the reproduction stage of the GA.

D-VPLD Training Accuracy(Fitness) per Generation
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Fig. 6-18 D-VPLD Melanoma Classification. Average best training accuracy(fitness) per generation

Table 6-30 D-VPLD Melanoma Classification Number of Generations to Evolve

Sys Mean | Median CV
16-1, FE-A  647.59 | 682.5 0.37
16-1, FE-B | 655.98 673 0.34
16-3, FE-A | 716.73 725 0.27
16-3, FE-B | 748.25 | 808.5 0.26
16-9, FE-A | 738.11 | 781.5 0.27
16-9, FE-B | 757.16 | 799.5 0.25

Table 6-31 D-VPLD Melanoma Classification Time to Evolve

Sys Mean[s] | Median[s]  CV
16-1, FE-A 39.78 41.37 0.37
16-1, FE-B = 39.72 40.66 0.34
16-3, FE-A 45.19 46.12 0.27
16-3, FE-B 48.47 51.54 0.25
16-9, FE-A 59.9 63.39 0.26
16-9, FE-B = 62.99 65.9 0.24
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Classifier Performance

The test accuracy of the architectures evaluated, follow the same trend as the training
accuracy results (Fig. 6-19). The two configurations of the 16-1 architecture achieved
the lowest average test accuracy across the 100 results, achieving approximately 92%
using FE-A, and 90% test accuracy using FE-B (Table 6-33). This indicates when using
less FABs in the output layer the VPLD is not able to generalize as well as the other
architectures. The 16-3 architecture had comparable test accuracy when using FE-A and
FE-B. The architecture with the highest accuracy is the 16-9 using FE-A, achieving
average training and test accuracies of 95.3% and 94.4% respectively (Table 6-32 & Table
6-33). For all three architectures the configurations using FE-A, achieve a higher test
accuracy compared to the configurations using FE-B. The accuracy level achieved by
each architecture is very consistent, shown by the coefficient of variance calculated from

the 100 results.

D-VPLD Test Accuracy per Generation
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Fig. 6-19 D-VPLD Melanoma Classification, test accuracy per generation
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Table 6-32 D-VPLD Training Accuracy (Fitness) for Melanoma Classification problem

Sys Mean | Median CV

16-1, FE-A | 91.61 | 91.67 | 0.01
16-1, FE-B | 91.57 | 91.67 | 0.01
16-3, FE-A | 93.76 | 93.75 | 0.01
16-3,FE-B | 93.47 | 93.75 | 0.01
16-9, FE-A | 95.25 | 95.42 | 0.01
16-9,FE-B | 95.1 95 0.01

Table 6-33 D-VPLD Test Accuracy for Melanoma Classification problem

Sys Mean | Median CV
16-1, FE-A | 92.08 92.5 0.03
16-1, FE-B | 90.42 90 0.04
16-3, FE-A | 93.38 | 93.75 | 0.02
16-3, FE-B | 93.09 | 93.75 | 0.03
16-9, FE-A | 94.44 95 0.02
16-9, FE-B | 93.6 93.75 | 0.03

The most optimal architecture is chosen based on the accuracy of the evolved
classifiers not on the generations or computation time to evolve. This is because
classification accuracy is the most important factor for a deployed classifier, particularly
when used for medical diagnostics tasks, such as melanoma classification. Therefore, the
most optimal architecture evaluated is the 16-9 using FE-A, achieving average training
and test accuracies of 95.3% and 94.4% respectively. This architecture is compared with
the most optimal F-VPLD and ANN architectures in section 5.2. If the most optimal
architecture is chosen, purely on evolutionary efficiency, it would be the 16-1 architecture
using FE-B, however this architecture has a lower average training and test accuracy and
was able to achieve a high accuracy less consistently than the 16-9 architecture.

6.4.3 F-VPLD Classifier Architectures

For the F-VPLD two architectures are investigated with variations in the FE, and the
number of FABs in the output layer (Table 6-34).

Table 6-34 F-VPLD architectures evaluated for melanoma classification

System | Configurations Tested
F-VPLD o 16-1
o with FE LUT A
o with FE LUT B

o with FE LUT A and mean output grouping
o with FE LUT B and mean output grouping
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There are two F-VPLD architectures (Fig. 6-20) with variations in the function

elements investigated, the first is a 16-1 two-layer architecture, second is a /6-3 two-layer

architecture. The 16-3 architecture requires processing of the three FAB outputs to form

a single output for classification, this is done by taking the mean of the 3 FABs outputs

(Fig. 6-21). The 16-1 architecture requires no output processing. The F-VPLD inputs are
the 16 extracted ABCD and GLCM features described in section 5.2.1.

F-VPLD Architecture

Input[16]

Layer 1

FAB1

FAB2

=T

Layer 2

H FAB1

H FAB2

# FABs

Outputs[s]

Output . Outputs[1]
Processing

Fig. 6-20 F-VPLD Architectures for binary classification of melanomas. Two-layer architecture with
16 FABs in the first layer and s FABs in the second layer. s = 1 or 3
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Output[0]

Output[1]

Output[2]
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Fig. 6-21 Mean method used by the F-VPLD architecture to group 3 outputs into one output used to
determine the classification of a skin lesion
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For both architectures each FAB contains four multiplexers and a single function

element. Two different function element LUTs are investigated with these architectures.

LUT-A (Table 6-35) and LUT-B (Table 6-36) both have 21 digital functions, both LUT

use standard mathematical arithmetic, with ‘plus’, ‘minus’ and ‘multiply’ operations.

Where the two LUTs differ is in the different activation functions fand g. Where f'is the

Sigmoid activation function (output ranges from 0 to +1), and g is a piece-wise linear

activation function (output ranges from -2 to +2).

Table 6-35 F-VPLD Melanoma Classification FE LUT-A

No.  Function No.  Function

0 g((A+B)*(C-D)) @ 11 g((-A)+B+C+D)
1 g(A+B+C+D) 12 g(A+(-B)+C+D)
2 g(-(A+B+C+D)) | 13 g(A+B+(-C)+D)
3 g(A*B*C*D) 14 g(A+B+C+(-D))
4 g(-(A*B*C*D)) | 15  g(A*B)+(C*D))
5 g((A+B)*(C+D)) | 16  g((A*C)+(B*D))
6 g((A+C)*(B+D)) | 17 g((A*D)+(B*C))
7 g((A+D)*(B+C)) 18  g((A*B)-(C*D))
8 g((A+B)-(C+D)) ' 19  g((A*C)-(B*D))
9 g((A+C)-(B+D)) | 20 | g((A*D)-(B*C))
10 g((A+D)-(B+C))

Table 6-36 F-VPLD Melanoma Classification FE LUT-B

No. | Function No. | Function
0 fl(A+B)*(C-D)) | 11 fl(-A)+B+C+D)
1 f(A+B+C+D) 12 f(A+(-B)+C+D)
2 f(-(A+B+C+D)) | 13 f(A+B+(-C)+D)
3 fIA*B*C*D) 14 f(A+B+C+(-D))
4 f(-(A*B*C*D)) | 15 f((A*B)+(C*D))
5 f((A+B)*(C+D)) | 16 fI((A*C)+(B*D))
6 fl(A+C)*(B+D)) | 17 fI((A*D)+(B*C))
7 f((A+D)*(B+C)) | 18 | f((A*B)-(C*D))
8 fl(A+B)-(C+D)) | 19 | f((A*C)-(B*D))
9 fl(A+C)-(B+D)) | 20 | f((A*D)-(B*C))
10 f((A+D)-(B+C))

2, x =2

gx)=4x, 2>x>-2 (6.1)
-2, x <=2
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6.4.4 F-VPLD Results
The evolutionary efficiency and classification accuracy of the two F-VPLD

architectures is investigated. The Experiments for each architecture are performed with
two different function elements. The different configurations for each architecture are
compared to determine the most optimal architecture for discussion in section 5.2. The F-
VPLD is evolved to classify skin lesions from the PH2 database, the lesions are either
cancerous melanoma or non-cancerous common/atypical nevus. One hundred solutions
are evolved for each architecture being evaluated, the data of each of these one hundred

GA runs are used to assess the system performance.

Evolutionary Efficiency

All the F-VPLD architectures can achieve an optimal training accuracy in a short
amount of time, the 16-1 results are the fastest to evolve, taking approximately 9-11s on
average to evolve (Table 6-38). The 16-3 architectures take longer to evolve, requiring
21-23s on average to evolve. The difference in computation time is caused primarily by
the extra generation required to reach an optimal solution, the 16-1 architectures require
626 and 506 generations on average to evolve, whereas the 16-3 architectures require 708
and 707 generations on average to evolve (Table 6-37). The 16-3 architecture requires
more generations due to the output of this architecture relying on 3 FABs to determine
the level of activation compared to a single FAB, because of this it is more likely the
component of the chromosome relating to the output FABs of a child is “damaged” due
to mutation, or genes are inherited that don’t improve accuracy. Although the 16-1
architecture is faster to converge, the 16-3 architecture converges to a higher training
accuracy with greater consistency (Table 6-37 & Fig. 6-22). So as with the D-VPLD, with

an increase in FABs in the output layer, the training accuracy increases.
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F-VPLD Training Accuracy(Fitness) per Generation
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Fig. 6-22 F-VPLD Melanoma Classification. Average best training accuracy(fitness) per generation

Table 6-37 F-VPLD Melanoma Classification Number of Generations to Evolve

Sys Mean | Median @ CV

16-1, FE-A | 626.04  627.5 | 0.34
16-1, FE-B | 506.16 482 0.58
16-3, FE-A | 708.05 703 0.27
16-3, FE-B | 707.44 736 0.27

Table 6-38 F-VPLD Melanoma Classification Time to Evolve

Sys Mean[s] Median[s] | CV

16-1, FE-A  10.87 10.84 0.34
16-1, FE-B 8.89 8.52 0.58
16-3, FE-A  18.64 18.9 0.27
16-3, FE-B 18.57 19.26 0.27
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Classifier Performance

When analysing the test accuracy per generation (Fig. 6-23), the 16-3 architecture
using FE-B reaches the highest test accuracy on average, 95.7%. It can also be seen that
both architectures when using FE-B had the fastest initial rate of improvement in test
accuracy. Again, as with the D-VPLD, the F-VPLD test accuracy does follow the same
trend as the training accuracy results, the two configurations of the 16-3 architecture reach
a higher accuracy than the two configurations of the 16-1 architecture. For both the 16-3,
and 16-1 architectures a higher test accuracy is achieved on average when using FE-B,
however the difference in accuracy is just over 1%. This minimal difference may be
because FE-A and FE-B are very similar except for the activation function each used. An
interesting observation from the results is that the 16-3 architectures had a minor drop in
accuracy between training and test whereas the 16-1 architectures had a more significant
drop (Table 6-39 & Table 6-40). Finaly the accuracy level achieved by each architecture

is very consistent, shown by the coefficient of variance calculated from the 100 results.
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Fig. 6-23 F-VPLD Melanoma Classification, average test accuracy per generation
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Table 6-39 F-VPLD Training Accuracy (Fitness) for Melanoma Classification problem

Sys Mean | Median CV
16-1, FE-A | 94.18 | 94.17 | 0.01
16-1, FE-B = 93.1 93.33 | 0.02
16-3, FE-A | 95.48 | 95.62 | 0.01
16-3, FE-B = 95.7 95.83 | 0.01

Table 6-40 F-VPLD Test Accuracy for Melanoma Classification problem

Sys Mean | Median CV
16-1, FE-A | 90.38 90 0.03
16-1, FE-B | 91.72 | 91.25 | 0.03
16-3, FE-A | 94.12 93.75 | 0.02
16-3, FE-B | 95.46 | 96.25 | 0.01

The most optimal architecture is chosen based on the accuracy of the evolved
classifiers not on the generations or computation time to evolve. Therefore, the most
optimal architecture evaluated is the 16-3 using FE-B, achieving average training and test
accuracies of 95.7% and 95.5% respectively. This architecture is compared with the most
optimal D-VPLD and ANN architectures in section 5.2. If the most optimal architecture
was chosen, based on the evolutionary efficiency, it would be the 16-1 architecture using
FE-B as it required the least generations and time to evolve. The 16-1 architecture
however has a lower average training and test accuracy on average, at 93.1% and 91.7%
respectively.

6.4.5 Conclusions

For the melanoma classification problem two hyperparameters were changed between
the architectures; 1) varying number of FABs in the output layer for a two-layer
architecture; and 2) the use of two different FABs using digital logic and two different
FABs using floating-point arithmetic.

For the D-VPLD architectures, considering first a changing number of FABs in the
output layer, as the number of FABs increases the generations and time to evolve
increases. However, so does the average training and test accuracy. The two
implementations of the 16-9 architecture with FE-A and FE-B, achieve the highest
training and test accuracies. For the difference between the two D-VPLD function
elements, FE-A architectures are faster to evolve and achieve higher training/test
accuracies to the counterpart architectures using FE-B. This is the opposite to the results

in the character recognition problem which uses the same function elements.
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For the F-VPLD results, as with the D-VPLD a larger number of output FABs yields
better results. Again, the architectures with a larger number of output FABs takes more
generations and thus more time to evolve, however they achieve better training and test
accuracies on average which is the important factor for such a classification task. There
is only a minor difference between FE-A and FE-B for the F-VPLD, with no distinct

difference in time to evolve or classification performance.

As seen in the character recognition problem and the 2WD robotic control problem the
F-VPLD architecture requires less generations and less time to evolve. The time
difference between the F-VPLD and D-VPLD is not just because of the extra generations,
but also because the D-VPLD is slower in its execution. The D-VPLD is slower to execute
because the 16 features input into the D-VPLD which are originally floating-point data
have to be converted to binary strings, and then the D-VPLD output has to be converted
back to be used to make a prediction. When considering the training and test accuracies,
the top F-VPLD architecture (16-3 using FE-B) compared with the top D-VPLD
architecture (16-9 using FE-A), the F-VPLD architecture achieves higher training and test

accuracies on average, but the difference is marginal (less than 1%).

224



6.5. Conclusion
In this chapter the effect of the hyperparameters on the ability of the VPLD to

accurately control robots or classifier data correctly was investigated. Both the
evolutionary efficiency and the controller/classifier performance were considered. For
each of the robotic control and pattern recognition problems investigated, a set of
experiments were conducted to evaluate multiple architectures. These experiments were
used to find the optimal architecture to use in the comparison between the VPLD and
EHW, and the VPLD and ANN. However, they were also used as the initial investigation
into the effect of the VPLD hyperparameters. For each problem different hyperparameters
were tested, but collectively the effects of altering, number of layers, number of FABs

and types of FAB was investigated.

Number of layers

In the hexapod and 2WD robot control problems, experiments were conducted with
architectures with different numbers of layers. In the hexapod problem, the architecture
with more layers took longer to evolve, requiring more generations and computation time
to converge to an optimal solution. For the 2WD robot control problem D-VPLD and F-
VPLD architectures with two, three and four layers were evaluated. As in the hexapod
problem more layers resulted in more generations and more time to evolve. For both
robotic control problems naturally more generations requires more time to evolve, but
also the length of time per generation to execute the GA is longer for bigger architectures
due to increased computation time to perform crossover operations and for executing the

VPLDs during the fitness assessment.

In the hexapod control problem, all architectures are evolved to the same fitness level.
In the more complex 2WD robot autonomous navigation task, the larger three and four
layer architectures achieved a lower fitness level on average, compared to the smaller two

layer VPLDs.

The decreased fitness and slow evolution of the multi-layer architectures could be
contributed to the multi-point crossover being overly destructive to the multilayer
architectures, chains of genes passing information between layers could be broken during
the multi-point crossover. In future work alternative crossover operations could be

investigated.
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Number of FABs

In both robotic control problems, two-layer architectures with varying numbers of
FABs in the first (input) layer were evaluated. For the hexapod control, as the number of
FABs in the input layer increased the time to evolve increased, but the number of
generations decreased. This is because for the smaller VPLD architecture it is faster to
perform the crossover operation during reproduction, and also minor difference in
propagation delay, although almost negligible accumulates from the thousands of times
the VPLD is executed during the fitness assessment. In the 2WD autonomous navigation
task, for both the D-VPLD and F-VPLD when increasing the number FABs in the first
layer, the number of generations to evolve decreased as in the hexapod problem. For the
fitness the D-VPLD and F-VPLD architectures achieved in the combined obstacle
avoidance and light following task, the fitness level achieved on average increased with

an increase in the number of FABs in the first layer.

In the two pattern recognition problems, D-VPLD and F-VPLD two-layer
architectures with varying FABs in the final output layer were evaluated. For both VPLDs
in the character recognition problem the larger 52-78 architecture with the mean output
processing function are faster to evolve requiring less generations to evolve than the 52-
26 architectures. All the architectures evolve to correctly predict all 26 characters. For the
melanoma classification, the opposite is seen, the D-VPLD and F-VPLD architectures
with more FABs in the output layer require more generations to evolve. However, they
achieve better training and test accuracies on average which is the important factor for

such a classification task.

Types of FABs

Function array blocks using both digital logic and floating-point arithmetic were
evaluated in the 2WD robotic control problem, and both pattern recognition problems.
For the 2WD robot autonomous navigation the F-VPLD architectures require less
generations and time to evolve and reach higher fitness levels on average. For the number
of generations and the fitness level, the increased performance of the F-VPLD may be
because the mathematical functions and floating-point data have a higher fidelity
compared to digital logic, and this higher fidelity makes solving more complex and

dynamic control tasks easier. For the difference in the time to evolve, this is contributed
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to in part the increased generations, but also the extra computation time to generate the
binary data required by the D-VPLD, execute the binary functions, and then convert the

data back to floating point to control the robot.

Similarly, for both the pattern recognition problems, the F-VPLD is faster to evolve
requiring less time and generations. Again, this is contributed to both the added
generations and the added time to execute the D-VPLD versus a F-VPLD. For the
character recognition, all D-VPLD and F-VPLD architectures can evolve to recognize the
26 characters. When considering the training and test accuracies for the melanoma
classification, the top F-VPLD architecture (16-3 using FE-B) compared with the top D-
VPLD architecture (16-9 using FE-A), the F-VPLD architecture achieves higher training

and test accuracies on average, but the difference is marginal (less than 1%).

In future work the effect of the different hyperparameters on the speed of optimization
and on the performance of the resulting robotic controllers or pattern recognition
classifiers should be investigated further. Also, methods for the optimization of said

hyperparameters should be investigated.
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Chapter /

Chapter 7: Conclusions and Future Research

This thesis has added to the current body of knowledge in the machine learning domain
in the fields of evolutionary robotics and pattern recognition. Specifically, this thesis
contributes a novel machine learning architecture the Virtual Programmable Logic
Device, inspired by PLD and EHW architectures. The VPLD is based on the architecture
of a PLD which uses programmable function elements and routing between the function
elements. However instead of using hardwired digital circuits, the VPLD is the software
equivalent of the PLD written in a standard programming language that can be executed
on a CPU. The configuration of the function elements and routing can be optimised using
machine learning algorithms for application in fields such as robotics and pattern

recognition.

First a digital VPLD architecture is implemented and validated against an equivalent
EHW for the gait control of a hexapod, where the configuration bitstreams for the VPLD
and EHW are evolved using a GA for the optimal control of a hexapod. In this validation
a number of advantages of the VPLD over the EHW architecture are demonstrated; 1) a
faster evolutionary time (175x faster to evolve), 2) reduced system complexity , and 3)
reduced cost; the VPLD was implemented on a US$35 low cost raspberry pi, compared
to the EHW running on the US$500 DE-10 FPGA board. As previously mentioned, the
VPLD has other advantages including: a) a reduced time to develop and compile designs;
b) increased simulation complexity; c) the use of floating-point variables and

mathematical functions; and d) a large range of processor devices.

After validation of the VPLD, two types of VPLD, the D-VPLD and F-VPLD are
benchmarked against the ANN in two application areas, 1) evolutionary robotics,
specifically for the gait control of a hexapod robot and for autonomous navigation tasks
of a two-wheel drive mobile robot; and 2) pattern recognition, for a binary character

recognition task, and a melanoma detection task.
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For the robotic control tasks the D-VPLD, F-VPLD and ANN reached a very similar
controller performance, however the D-VPLD had a worse evolutionary efficiency

compared to the F-VPLD and ANN.

In the character recognition experiment all three architectures had an excellent classifier
performance, with all evolved controllers able to recognise the complete alphabet A to Z.
For evolutionary efficiency, the F-VPLD and ANN required approximately the same
generations to evolve, but the D-VPLD required approximately double the generations
for the multi class classification problem. For the binary classification of melanoma all
three architectures reached high training and test accuracy in a similar number of
generations, however the D-VPLD took approximately three times the computation time

the F-VPLD and ANN took to complete the same generations.

Across the four experiments various VPLD architectures were evaluated, observations
were made on the effect of the hyperparameters, including the number of layers, number
of FABs, and types of FABs. In the robotic control problems, more layers increased the
time to evolve and reduced the final levels of fitness the GA converged to. In both the
robotic control and pattern recognition domain, more FABs increased the controller and
classifier performances. For all the experiments using digital and floating point VPLDs,

the F-VPLD was faster to evolve and had better controller and classifier performance.

The following section discuss these points in detail. Also, as the VPLD is a novel
architecture it opens up a range of new research areas including for the VPLDs
architecture, optimisation and applications. Future research for the VPLD is also

discussed below.
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7.1. Conclusion
This thesis aimed to address one main question, can a VPLD be created that could run

on a processor instead of reconfigurable hardware, and how does it compare to an ANN
when evolved for robotic control and pattern recognition? To address this, five specific
questions were asked:

1. How can a PLD be virtualised in software?

2. How do VPLDs and EHW compare when evolved for robotic control?

3. How do VPLDs and ANNs compare when evolved for robotic control?

4. How do VPLDs and ANNs compare when evolved for pattern recognition?
5. What are the important hyperparameters for the VPLD?

To answer these questions a VPLD architecture was designed and implemented. Then
experiments on this VPLD architecture were conducted, using the results from this

experimentation the final conclusions on the research questions are as follows.

7.1.1 How can a PLD be virtualised in software?

A VPLD can be implemented using the functional programming design paradigm in a
standard programming language such as Python as is done in this thesis. The VPLD is a
feed forward architecture which can be implemented very simply in comparison to the
equivalent EHW. When using functional programming only three main functions are
required, 1) feed-forward VPLD, 2) feed-forward layer, 3) feed-forward FAB. These
functions are configured by the configuration bitstream to alter the function of the VPLD
which can be used for robotic control and pattern recognition problems. For optimisation,
the VPLD architecture is non-differentiable, therefore non-gradient based optimisation
algorithms are required for the configuration bitstream optimization. Evolutionary
algorithms such as the genetic algorithm can be used to evolve the VPLD CBS for various
applications. Using a VPLD means the complete evolution environment which includes
the VPLD itself, a genetic algorithm and a robotic simulation can be in a single
programming environment, and this evolutionary environment can run on any system

with a CPU.
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7.1.2 How do VPLDs and EHW compare when evolved for robotic control?
A VPLD using digital logic was validated against the equivalent EHW architecture for

the gait control of a hexapod robot. The VPLD was implemented on both a PC and a
Raspberry Pi whereas the EHW was implemented on a Cyclone-5 with a SoC processor
creating an environment that is significantly more complex, and has components spread
across the FPGA fabric, embedded processors and a desktop PC. This makes the EHW
implementation more difficult to debug and refactor in comparison to the VPLDs

implementation.

As both the VPLD and EHW architectures are the same, but one is implemented in
software and the other hardware, it was expected when evolved using the same GA, that
the number of generations to evolve and the evolved controller performance would be the
same. In the results it was observed that this was the case, the VPLD and EHW evolved
in a very similar number of generations and reached the same level of controller
performance. Where the VPLD improved over the EHW, was in the speed of evolution,
due to the VPLD, GA, and robotic simulation running in the same environment. The
VPLD when evolved on a PC was 175x faster than the EHW evolved on the Cyclone 5

development board.

The EHW is evolved on embedded ARM processors in the FPGA SoC which would
be expected to be slower than a desktop PC, however it was shown the alternative of
having the GA and simulation running on a PC and a serial link to the FPGA device would
not provide any benefit to the speed of evolution, as the transfer of trial configurations
and I/O for the simulator is a substantial bottleneck. It was also shown the VPLD could
be evolved on a $35USD Raspberry Pi 20x Faster than the EHW, which was implemented
on a Cyclone V FPGA boards like the $500USD Terasic DE10 and $225USD Terasic
DE10 Nano development boards.

Overall, it is shown the VPLD is a) significantly faster to evolve for robotic control,
b) much easier to implement, and c) significantly cheaper. As well the VPLD allows the
use of, 1) floating-point variables and mathematical functions, 2) increased simulation
complexity, and 3) a large range of processors. Compared to EHW the VPLD will make
research on such architectures faster to complete and reduce the cost to entry, as cheap
devices such as the Raspberry Pi and low cost off the shelf robotic platforms can be used,

opposed to expensive custom hardware.
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7.1.3 How do VPLDs and ANNs compare when evolved for robotic control?
The ANN is often used as a benchmark to other machine learning architectures,

including EHW from which the VPLD was inspired. Because of this the VPLD was
compared with the ANN for robotic control. A D-VPLD was first compared with the
ANN for the hexapod gait problem, where the D-VPLD and ANN evolved the same level
of performance, however the ANN took almost twice the generations to evolve. Even
though the ANN took twice the generations both the D-VPLD and ANN evolve in
approximately the same time. This is because a D-VPLD uses pseudo bits, so the input
data from the sensors commonly used in robotics has to be converted from floating-point
data to binary strings, then the output has to be converted from binary back to floating
point values required to drive the robot. The data conversion process slows down the
fitness assessment of the D-VPLD as the device must be executed 1000s of times during

this stage of the GA process.

Next a D-VPLD, F-VPLD and an ANN were evolved for the autonomous navigation
of a mobile robot. In the primary task of combined obstacle avoidance and light following
both VPLDs reached a higher average fitness compared to the ANN. In regard to the
evolutionary efficiency of the architectures in this problem the F-VPLD required less
generations and time to evolve than the ANN. The D-VPLD however required more time

and generations to evolve than both the F-VPLD and ANN, but not significantly more.

In the robotic control domain it has been shown the VPLD is a viable alternative to the
ANN. The D-VPLD was able to evolve in a similar number of generations and reach the
same performance as the ANN. The F-VPLD was shown to be faster to evolve and reach
a higher fitness compared to the ANN in the more complex robotic navigation task.
7.1.4 How do VPLDs and ANNs compare when evolved for pattern recognition?

Both the D-VPLD and the F-VPLD were evaluated against the ANN in two pattern
recognition problems. The first was a character recognition problem where the three
architectures were evolved to recognise the 26 characters of the alphabet. All three
architectures were successfully evolved to recognise all the characters. It was found that
the F-VPLD and ANN required a similar number of generations and time to evolve, both
having a median time to evolve under 20 seconds. The D-VPLD on the other hand
required double the generations, however it still found solutions with a median time of
approximately 40 seconds. The longer time to find a solution can be contributed to the

nature of the binary logic used by the D-VPLD. By using binary values and digital logic,
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the outputs are quantised reducing precision. This was further highlighted by the variance
of each architecture across the 100 results, the F-VPLD and ANN were more consistent
with the time to evolve compared to the D-VPLD, suggesting fewer optimal solutions in
the fitness landscape of the D-VPLD. As observed in the robotic control experiments the
D-VPLD also requires extra computation time dealing with pseudo bits, opposed to the
F-VPLD and ANN which use data types more native to the computer they are running
on. The second experiment was on the classification of skin lesions as cancerous
melanoma, or non-cancerous typical/atypical nevus. The images from the PH2 database
undergo a preprocessing and feature extraction process. The VPLDs and ANN are
evolved to perform the binary classification using the extracted features. The D-VPLD,
F-VPLD and ANN all achieved test accuracy greater than 96%. For both VPLDs and the
ANN, across the 100 results the average training and test accuracies were within 1%.
Comparing the evolutionary efficiency of the VPLDs and ANN, all three required a
comparable number of generations to converge to an optimal solution. In regard to
computation time, the D-VPLD required approximately 3x the computation time the
ANN and F-VPLD required to evolve. As seen in the previous problems the D-VPLD
requires more computation time because of the extra operations required to deal with
pseudo bits. However it has a larger effect in this experiment because the size of the input

being processed is significantly larger, with 16 data points converted each to 8-bits.

The VPLDs using both digital logic and floating-point arithmetic were shown to be
viable alternatives to the ANN for pattern recognition, as both VPLD architectures

achieved the same accuracy as the ANN.
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7.1.5 What are the important hyperparameters for the VPLD?
For each of the four problems investigated, various architectures with different

hyperparameters were evaluated to find an optimal architecture for each problem. The
following observations are made on three key hyperparameters 1) number of layers, 2)

number of FABs, and 3) type of FAB (digital or floating-point).

Number of layers: In the hexapod and 2WD robot control problems, experiments
were conducted on architectures with different numbers of layers. In both problems the
VPLD required more generations and computation time to converge to an optimal
solution with an increasing number of layers. In the hexapod control problem, all
architectures are evolved to the same fitness level. In the more complex 2WD robot
autonomous navigation task, the larger three and four layer architectures achieved a lower
fitness level on average, compared to the smaller two layer VPLDs. The decreased fitness
and slow evolution of the multi-layer architectures could be contributed to the multi-point
crossover being overly destructive to the multilayer architectures, chains of genes passing
information between layers could be broken during the multi-point crossover. In future

work alternative crossover operations could be investigated.

Number of FABs: In both robotic control problems, two-layer architectures with
varying numbers of FABs in the first (input) layer were evaluated. It was observed in both
the hexapod control and mobile robot control that with more FABs the number of
generations to evolve decreased but the time to evolve increased. This is because for the
smaller VPLD architecture it is faster to perform the crossover operation during
reproduction, and also minor difference in propagation delay, although almost negligible
accumulates from the 1000s of times the VPLD is executed during the fitness assessment.
For the fitness the D-VPLD and F-VPLD architectures achieved in the combined obstacle
avoidance and light following task, the fitness level achieved on average increased with
an increase in the number of FABs in the first layer. In the two pattern recognition
problems, D-VPLD and F-VPLD two-layer architectures with varying FABs in the final
output layer were evaluated. For both VPLDs in the character recognition problem the
larger architectures with more FABs were faster to evolve. All the different architectures
evolve to correctly predict all 26 characters. For the melanoma classification, the opposite
is seen, the D-VPLD and F-VPLD architectures with more FABs in the output layer
require more generations to evolve. However, they achieve better training and test

accuracies on average which is the important factor for such a classification task.
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Types of FABs: Function array blocks using both digital logic (D-VPLD) and
floating-point arithmetic (F-VPLD) were evaluated in the 2WD robotic control problem,
and both pattern recognition problems. For the 2WD robot autonomous navigation the F-
VPLD architecture requires less generations and time to evolve and reached higher fitness
levels on average. For the number of generations and the fitness level, the increased
performance of the F-VPLD may be because the mathematical functions and floating-
point data have a higher fidelity compared to digital logic, and this higher fidelity makes
solving the dynamic control tasks easier. For the difference in the time to evolve, this is
contributed to in part the increased generations, but also the extra computation time to
generate the binary data required by the D-VPLD, execute the binary functions, and then

convert the data back to floating point to control the robot.

Similarly, for both the pattern recognition problems, the F-VPLD is faster to evolve
requiring less time and generations. Again, this is contributed to both the added
generations and the added time to execute the D-VPLD versus a F-VPLD. For the
character recognition, all D-VPLD and F-VPLD architectures can evolve to recognize the
26 characters. When considering the best F-VPLD and D-VPLD architectures training
and test accuracies for the melanoma classification, the F-VPLD achieves higher training

and test accuracies on average, but the difference is marginal (less than 1%).

To summarize, across the four experiments various VPLD architectures were
evaluated, observations were made on the effect of the hyperparameters, including the
number of layers, number of FABs, and types of FABs. In the robotic control problems,
more layers increased the time to evolve and reduced the final levels of fitness the GA
converged to. In both the robotic control and pattern recognition domain, more FABs
increased the controller and classifier performances. For all the experiments using digital
and floating point VPLDs, the F-VPLD was faster to evolve and had better controller and
classifier performance. In future work the effect of the different hyperparameters on the
speed of optimization and on the performance of the resulting robotic controllers or
pattern recognition classifiers should be investigated further. Particularly methods for the

optimization of said hyperparameters should be investigated.
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7.1.6 Main Question: Can a VPLD be created that could run on a processor
instead of reconfigurable hardware, and how does it compare to an ANN
when evolved for robotic control and pattern recognition?

This thesis has demonstrated that a VPLD can be implemented on a CPU, and in the

experiments conducted, the VPLD has comparable performance to ANN for robotic

control and pattern recognition.

Firstly, regarding the VPLDs implementation. The VPLD implementation is
significantly simpler than the implementation of EHW, and the VPLD costs less to
implement because expensive FPGA devices and custom hardware platforms are not
required. The speed of evolution of the VPLD running on a PC was two orders of
magnitude faster than the EHW running on the Cyclone V FPGA SoC. It was also shown
in this thesis that complex function array blocks using floating-point arithmetic opposed
to digital logic could be easily implemented in software. This type of architecture can be
implemented in hardware but is complex and requires FPGAs with higher logic element

counts, increasing the cost of the FPGA device.

Regarding the VPLDs performance in comparison to ANNs. In the robotic control
domain, it has been shown the VPLD is a viable alternative to the ANN. The VPLD using
both digital logic and floating-point arithmetic was able at the minimum to evolve in
approximately the same number of generations and reach the same performance as the
ANN, in some cases the VPLD surpassed the ANN both in the required generations and
resulting performance. The F-VPLD for example was shown to be faster to evolve and
reach a higher fitness compared to the ANN in the 2WD combined obstacle avoidance
and light following, which is the most complex robotic control task evaluated in this
thesis. This shows the benefit of using such an architecture compared to previous digital
EHW. In previous literature that compared digital EHW and a ANN evolved for a similar
autonomous navigation task[10], they showed the ANN required more generations but

achieved a higher controller performance.

In the pattern recognition domain, the VPLD was also shown to be a viable alternative
to the ANN. The VPLD using both digital logic and floating-point arithmetic achieved
the same accuracy as the ANN. In the melanoma classification the highest accuracy
achieved by both VPLDs and the ANN is very similar at approximately 98%. This level
of accuracy is comparable to feed forward neural networks trained using the same

dataset[85] and gradient based optimisation. The level of accuracy achieved in this
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research by the VPLD and ANN is better than previous implementation of ANNs evolved
using GAs for skin lesion classification[52, 54]. In regard to evolutionary efficiency in
the melanoma classification, both VPLDs required less generations to evolve than the
ANN. However, for computation time the D-VPLD requires more than the ANN. The F-

VPLD and ANN computation time for the evolution process was approximately the same.

To finish, the VPLD compared to the previous EHW will make research in this domain
faster to complete, because it is significantly easier to implement and the time to optimise
the configuration is reduced. The cost to entry is reduced as cheap devices such as the
Raspberry Pi and low cost off the shelf robotic platforms can be used, opposed to
expensive custom hardware. The VPLD can be used as a viable alternative to the ANN
in both evolutionary robotics and pattern recognition applications as it was shown the

VPLD can achieve the same performance as ANNs and in some cases better performance.
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7.2. Future Research
A new architecture such as the VPLD gives rise to many research opportunities,

including five main facets; 1) VPLD architectures, including alternative FABs or
recurrent architectures with feedback could be investigated; 2) analysis of hyper-
parameters, detailed investigation into optimisation of the hyper-parameters; 3) analysis
of optimisation algorithms, what effect do alternative nature inspired optimisation
algorithms have on the time to optimises VPLD configurations, and on the resulting
performance; 4) multiprocessing or GPU acceleration, can the VPLD be implemented to
run on the GPU in the same environment as high performance simulators such as Nvidia’s
Isaac sim; and 5) applications of the VPLD such as online fault recovery for remote

autonomous vehicles.

7.2.1 VPLD Architecture

How can a recurrent VPLD architecture be implemented, and what effect would it have
on performance?

A recurrent VPLD architecture with pseudo memory could enhance the VPLD
performance for certain applications such as speech recognition and natural language
processing. Neural networks with memory have shown to do better at such tasks in
comparison to feedforward artificial neural networks. A recurrent VPLD could also be
investigated for applications in robotics, such as path planning and manipulation where
sequences of actions need to be planned and executed to achieve the final desired results,
i.e. the robot moves to the correct position, or the part is manipulated into the correct

orientation.

Can alternative function array block architectures improve the VPLD performance?
Alternative function array block architectures could be investigated to see if this could
reduce the time to evolve or improve the performance of the resulting VPLD controllers

and classifiers.
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7.2.2 VPLD Hyper-parameter optimisation

How can the VPLD hyperparameters be optimised to increase performance?

An investigation could be performed on how different methods such as grid search,
random search, Bayesian optimisation, or evolutionary algorithms can be used to optimise
the VPLD hyperparameters, namely 1) number of layers, 2) number of FABs in each
layer, 3) type of FAB (digital, floating-point), and 4) FAB function lookup table. A
method that can optimise these parameters will remove the need for manual tuning.
Through this investigation a detailed analysis of the VPLD hyperparameters can be made

to see if the same observation from this thesis are replicated.

7.2.3 VPLD Configuration bitstream optimisation

How do different evolutionary algorithms compare for the optimization of the VPLD
configuration bitstream?

Evolutionary algorithms such as evolutionary strategies, differential evolution and
particle swarm optimization should be compared with the genetic algorithm for evolving
the VPLD for applications such as robotics and pattern recognition. This should be
investigated because it is possible that these algorithms may have general or application

specific benefits over the GA for the evolution of the VPLD CBS.

Can methods other than evolutionary algorithms be used for the optimisation of the
VPLD configuration bitstream?

Could other optimisation methods such as Bayesian optimisation or simulated
annealing be used to optimise the VPLD configuration bitstream. If non evolutionary
methods can be used successfully, how do they compare to the evolutionary methods,

both in computation time and level of performance of the resulting VPLD.
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7.2.4 VPLD Multiprocessing

Can the VPLD be implemented using multiprocessing and would this reduce the time
to evolve?

The use of parallel computing and multithreading could be investigated to speed up
the execution of the VPLD. This may reduce the computation time to evolve the VPLD
configuration bitstream. The VPLD is executed thousands of times during the fitness
assessment stage of the GA, so any reduction in propagation delay will accumulate to a
significant time reduction in time to evolve. Also, a reduced propagation delay will aid
robotics application where significant DSP is required such as Kalman filters performing
sensor fusion. A short propagation delay gives more time for these DSP processes to be

executed in the control period.

Can the VPLD and a evolutionary algorithm be implemented on a GPU with Nvidia’s
Isaac Sim to further reduce the time to optimise the VPLD in complex robotics
applications?

It should be investigated if the VPLD could be implemented and evolved directly
within the GPU environment. Some modern robotics simulators such as Nvidia’s photo-
realistic Isaac sim run directly on the GPU, and for reinforcement learning, the process is
slowed by transferring data between the GPU and CPU. Therefore, as is done now with
neural networks, could the VPLD be implemented and trained/evolved on the GPU in the

same environment as the photo-realistic simulation.
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7.2.5 VPLD Applications

Can the fault adaption process be implemented on a robotic simulation, which is
dynamically adjusted to the fault condition before final testing on the real robot,
allowing the robot to adapt without causing further damage?

Current online fault adaption strategies detect that the robot has a fault from the robot’s
behavior and perform learning-based adaption strategies on the robot until the behavior
is corrected[87-89]. These methods do not directly identify the fault and during the
trialing period can cause further damage to the robot. An alternative safety-first strategy
using the VPLD could be developed that uses sensory feedback to identify the actual fault.
The fault information can then be passed to a simulation within the robot allowing the
VPLD adaption process to be implemented in simulation before final testing on the real
robot reducing the chance of damage. This strategy will use self-modeling techniques to
dynamically update the simulation to accurately represent the real-world state of the robot.
This thesis showed the VPLD could be evolved from scratch relatively quickly on the
raspberry pi for the control of a hexapod. The VPLD could be evolved online in the robot
with a simulation modified for the identified faults, allowing the robot to safely recover

from the unforeseen damage.

Can the VPLD be used for segmentation of medical images for use in diagnosis tools?

It could be investigated if a VPLD architecture inspired by ANN architectures such as
U-Net could be used for the segmentation of medical images. For example, in the
melanoma classification task studied in this thesis, a VPLD inspired by U-Net could be
used to segment the skin lesion instead of using manual image processing techniques.
Architectures such as U-net have been shown to solve complex segmentation tasks very

effectively, and using the VPLD in this domain further expands its range of applications.

Can a VPLD be used for natural language processing applications?

If a recurrent VPLD with “memory” is successfully implemented, it could be used for
natural language processing tasks such as speech to text and text to speech. For such
applications the VPLD could be compared to long short-term memory RNNS.
Alternatively, it could be investigated if the VPLD could replace the feed-forward ANN
in the transformer model to be used for more complicated NLP applications in generative

Al with large language models. This could be text to image, and text to video applications.
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Appendix A: ANN Architecture Comparison

This appendix contains the description and results of the alternative ANN architectures
that are investigated for the four experimental tasks, 1) hexapod gait control, 2) 2WD
robot autonomous navigation, 3) character recognition, and 4) melanoma classification.
The architectures are assessed based on evolutionary efficiency and controller/classifier
performance; a discussion is made to why the architectures discussed in the main text

were chosen as the most optimal to compare to the VPLD.

1. Hexapod Robotic Control
This section contains the description and results of the alternative ANN architectures

that are investigated for hexapod gait control but found to have lower performance than
the controller described in sections 4.1.
1.1 ANN Control System Architectures

The ANN architectures described below use the same inputs and outputs as the
architecture described in section 4.1.8. A three layer ANN architecture was implemented
with the number of neurons in the hidden layer ranging from one to four (Figure 1). The
results of these varying architectures are analysed and the choice of the optimal
architecture used in section 4.1 is detailed. As a recap the ANN uses the same inputs as
the VPLD, the air/ground phase and counter signals. The air/ground phase signal has two
states 1 for ground and -1 for air. The counter has ten steps for each phase of the gait
changing in value from 0 to 0.9 in steps of 0.1. The output of the ANN is the angular

change in position of the three joints in the leg of a hexapod, ranging from -15 to +15.
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Figure 1 ANN 2-n-3, two inputs, n=1,2,3,4 hidden layer neurons, three output neurons
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The neurons in the hidden layer use a hyperbolic tangent activation function. The
weights & biases of the neurons range from -1 to +1 in steps 0f 0.01, giving an input range
into the activation function of £2.9. The output layer neurons use the same weights and
biases as the hidden layer ranging from -1 to +1 in 0.01 steps.

1.2 Results

In this section the results from the experiments performed for each architecture are
compared, to show how/why the optimal architecture discussed in section 4.1 was chosen.
The ANN controllers are evolved using the same GA as the VPLD & EHW controllers
to produce an optimal walking gait for a hexapod robot. The walking gait allowed the
robot to walk forward in a straight line, maintaining a constant heading and body attitude.

Three hundred solutions for each controller are evolved.

The controllers are evaluated based on their evolutionary efficiency, so how many
generations and what was the computation time required to reach a solution. The ANN
architectures are evaluated on the same PC as the VPLD which uses an Intel 17-11700k
Octa-Core processor (3.6 GHz).

Evolutionary Efficiency

The fitness per generation plot (Figure 2) of the ANN controller architectures shows
that all the architectures obtained a similar fitness within a comparable number of
generations, taking less than 170 generations to evolve on average. The 2-2-3 ANN
architecture required the least generations to evolve, requiring approximately 133
generations to evolve on average. The 2-4-3 ANN required the most generations, at
approximately 169 generations (Table 1). The initial evolutionary rate of all the

architectures is similar, with the 2-2-3 and 2-1-3 appearing to be slightly faster.

Table 1 ANN average number of generations required to successfully evolve controllers

Architecture  Mean | Median | CV

ANN 2-4-3 168.95 148 0.45
ANN 2-3-3 159.9 | 131 0.55
ANN 2-2-3 132.97 117 0.5

ANN 2-1-3 144.08 | 122 0.57
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Figure 2 ANN best fitness per generation taken from the average of 300 evolution attempts
The computation time taken to evolve each architecture (Table 2). All the controllers
have a comparable level of consistency in the required time to evolve. The evolution time
reduced as the number of neurons decreased but only marginally, the required generations

that had to be run was a greater factor on the overall computation time to evolve.

Table 2 ANN average computation time required to successfully evolve controllers

Architecture | Mean[s] Median[s] CV

ANN 2-4-3 1.01 0.9 0.45
ANN 2-3-3 0.95 0.78 0.55
ANN 2-2-3 0.79 0.7 0.49
ANN 2-1-3 0.82 0.71 0.55

The ANN 2-2-3 architecture required the least number of generations and computation
time, making it the most evolutionary efficient architecture out of the four evaluated. This
is why the 2-2-3 Architecture was chosen to be discussed in higher detail in section 4.1

as a part of the main text.
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2. 2WD Mobile Robot Control
This section contains the description and results of the alternative ANN architectures

that are investigated for the control of a 2WD mobile robot. These alternative
architectures are found to have lower performance than the architectures described in
section 4.2. The description of the robotic control problem and GA used to evolve the
ANN architectures discussed below can be found in sections 4.2.1 and 4.2.5 respectively.
To evaluate the ANN architectures, they are evolved specifically for the combined
obstacle avoidance and light following problem.
2.1 ANN Control System Architectures

For the ANN five architectures are investigated. Three architectures with a single
hidden layer (Figure 3), 10-4-1, 10-8-1, and 10-16-1; as well as two multi-layer
architectures (Figure 4) are investigated, 10-16-16-1, and 10-16-16-16-1. All the neurons
for the five architectures use the hyperbolic tangent activation function. The five
architectures input is the floating-point data from the IR proximity sensors and light
intensity sensors required for the combined obstacle avoidance and light following task
as detailed in section 4.2.4. All the ANN architectures have a single output Neuron which
gives a floating-point value used to set the RPM of one of the robot’s wheels. As discussed
in section 4.2.4 two ANN units are combined to drive the robot, one controls the left

wheel, the other controls the right wheel.

ANN Motor Controller
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l1 PRI
OA Sensor / ‘ . .
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Figure 3 ANN Architectures for 2WD robot control; architecture with single hidden layer containing
n neurons (n=4, 8, or 16) and 1 output neuron
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Figure4 ANN Architectures for 2WD robot control; multi-layer architecture with 16 neurons in each
hidden layer and for the final output layer which uses a single neuron. Architectures with m=1, 2, or
3 hidden layers are evaluated

2.2 Results
The five ANN architectures are evolved for the control of the 2WD robot for the

combined obstacle avoidance and light following task; the controllers are required to
drive the robot to the light source without crashing into obstacles in the path of the robot
or the environment boundaries. The evolutionary efficiency and controller performance
for each architecture is investigated. One hundred solutions are evolved for each
architecture being evaluated, the data of each of these one hundred GA runs is used to

assess the system performance. Each architectures evolution is limited to 250 generations.

Each architecture is compared to show how/why the optimal architecture discussed in

section 4.2 was chosen.
Table 3 Summary of ANN architectures Evaluated for the 2WD mobile robot

System Configurations Tested

ANN e 10-4-4
e 10-84
e 10-16-4
e 10-16-16-4

e 10-16-16-16-4
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Evolutionary Efficiency

The fitness per generation graph (Figure 5) shows two trends, for the comparison of
the architectures with a single hidden layer, as the number of hidden layer neurons
decreases, so does the rate of evolution. The second trend is the two larger multilayer
architectures with two and three hidden layers are slower to evolve than the architecture
with a single hidden layer. The 10-4-4 and 10-8-4 are the fastest to evolve, converging to
a solution in the least generations (Table 4) and in the least time (Table 5). As to be
expected, the time to evolve across the five architectures increases with an increase in the
number of neurons and hidden layers. This is because a larger chromosome particularly
with more layers takes longer to process in the reproduction of the GA when producing

new individuals

Average best fithess per generation ANN
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Figure 5 A comparison of the OA-LF fitness per generation of the five ANN architectures

Table 4 The Number of Generations to Evolve ANN for OA-LF Task

Controller Mean Median CV

10-4-4 112.65 | 100.5 0.43
10-8-4 114.75 | 110.5 0.46
10-16-4 144.23 | 137.5 0.32
10-16-16-4 136.92 | 131 0.43
10-16-16-16-4 | 136.27 | 133 0.48
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Table 5 Computation Time Required to Evolve ANN for OA-LF Task in Seconds

Controller Mean  Median CV

10-4-4 55.57 48.94 0.46
10-8-4 57.62 54.3 0.49
10-16-4 73.83 69.47 0.35

10-16-16-4 76.38 72.69 0.45
10-16-16-16-4 | 83.36 79.64 0.5

Controller Performance

For controller performance, in the architectures with the single hidden layer, as the
number of hidden layer neurons decreases so does the fitness level. The two smallest
architectures converge to the average lowest fitness level. When comparing the
architecture with the single hidden layer to the multilayer networks, the larger networks

achieve a lower fitness on average (Table 6).

Table 6 The ANN Fitness reached for the OA-LF Task

Controller Mean Median CV

10-4-4 57.9 62.3 0.23
10-8-4 64.86 66.94 0.19
10-16-4 74.24 75.71 0.13

10-16-16-4 67.32 69.2 0.2
10-16-16-16-4 | 68.17 72.46 0.22

The decreased fitness and slower evolution of the larger multi-layer architectures could
be contributed to the multi-point crossover being overly destructive to the larger
chromosomes, chains of genes(weights and biases) passing information between layers
could be lost during the multi-point crossover operation, in future work the use of

different crossover operations could be investigated.

When choosing the optimal ANN architecture to use in section 4.2, both the
evolutionary efficiency and controller performance are considered. The two fastest
architectures are the 10-4-4 and 10-8-4. The 10-16-4 architectures achieves the highest
average fitness level and does so more consistently than all the other architectures. The
10-16-4 architecture is chosen as the most optimal architecture because it reaches the
highest fitness level and it’s time to evolve is still comparable to the 10-4-4 and 10-8-4

architectures.
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3. Character Recognition
This section contains the description and results of the alternative ANN architectures

that are investigated for character recognition but found to have lower performance than
the architecture described in section 5.1. A description of the GA used to evolve the
architecture discussed below can be found in section 5.1.4.
3.1 ANN Classifier Architectures

The ANN architectures investigated are shown in Figure 6. First is a 35-52-26
architecture (52 neurons in the hidden layer and 26 neurons in the output layer), the
second is a 35-52-78 architecture (52 neurons in the hidden layer and 78 neurons in the
output layer). For the 35-52-26 architecture, a single neuron determines the level of
activation of a given character, for the 35-52-78 architecture, the combination of 3
neurons determines the level of activation of a given character. The outputs of the ANN
go through the same post processing as the D-VPLD and F-VPLD. The ANN uses the
same input array in a binary form (0-black pixel and 1-white pixel). The output is a set of
26 values, one for each letter in the alphabet. The output value with the highest value

determines the selected character.

ANN Architecture

0:A
-
1
]
Input[35] H
—- (onzpuE | SoftMax E
Processing H
b
]
1
—
25:2

Input Hidden Output

Figure 6 ANN 35-52-S, 52 hidden layer neurons, s=26 or 78 output neurons
The neurons in the hidden layer are tested with both a hyperbolic tangent activation
function and the ReLu activation function. The weights & biases of the neurons range
from -1 to +1 in steps of 0.01. The output layer neurons use the same weights and biases
as the hidden layer ranging from -1 to +1 in 0.01 steps. The activation function of these

neurons is the ReLu activation function.
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The final output of the ANN it is an array of floating-point values of size 26. The same
as the D-VPLD and F-VPLD, for the architecture with 26 output neurons, the output
arrays skip the grouping process and is passed through a SoftMax function. For the
architecture with the 78 output neurons, the output neurons are combined into groups of
three. The grouped values are either averaged or the max value of the group is chosen as
the output for the respective character. Once the grouped outputs are processed resulting
in an output array of size 26, the output is fed into the SoftMax function to get the final
result.

3.2 Results

Experiments are performed for the ANN with varying architectures. The evolutionary
efficiency for each architecture is investigated using two different activation functions in
the hidden layer. For the architectures using the grouped outputs, mean and max grouping
functions are tested. The different configurations for each architecture are compared to
find the most optimal solutions. The ANN systems are evolved to recognise 26 binary
character images(A-Z), an optimal solution is a system that can recognise each character.
One hundred solutions are evolved for each architecture being evaluated, the data of each

of these one hundred GA runs are used to assess the system performance.

Table 7 Summary of D-VPLD and F-VPLD Configurations Evaluated

System Configurations Tested

ANN e 35-52-26
o with hyperbolic tangent
o with RelLu
e 35-52-78
o with hyperbolic tangent and mean output
grouping
o with hyperbolic tangent and max output
grouping

o with ReLu and mean output grouping

o with ReLu and max output grouping
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Evolutionary Efficiency

When comparing the 35-52-26 architecture solutions, the ANN using the hyperbolic
tangent activation function required less generations to evolve on average, however, the
ANN using the ReLu activation is not significantly slower. The ANN ReLu system
required approximately 1.2x more generations to evolve (Table 8). Both 35-52-26 ANN
solutions evaluated required less than 30 seconds to evolve (Table 9). The best fitness per
generation of both the architectures evaluated is shown in Figure 7, the ANN using the

hyperbolic tangent activation has a faster initial rate of evolution.

Table 8 Character Recognition generations to evolve, 35-52-26 ANN comparison using ReLu and
Hyperbolic Tangent activation in the hidden layer

Sys Mean Median CV
ANN RelLu 931.2 571 1.00
ANN tanh 764.37 372.5 1.27

Table 9 Character Recognition time to evolve, 35-52-26 ANN comparison using ReL.u and Hyperbolic
Tangent activation in the hidden layer

Sys Mean([s] Median[s] cv
ANN Relu 25.53 15.71 0.97
ANN tanh 22.66 11.32 1.24

52-26 ANN Fitness per Generation
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0 200 400 600 800 1000

Generation

Figure 7 Character Recognition best fitness per generation, 35-52-26 ANN comparison using ReLu
and Hyperbolic Tangent activation in the hidden layer
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For the 35-52-78 ANN four configurations are tested. Comparing the generations
required to evolve for the two different output group functions are similar, all the solutions
using the mean & max output group functions require less than 500 generations to evolve
(Table 10). When comparing the mean & max output group functions, and specifically
the differences in using the hyperbolic tangent and ReLu activation functions there is not
a clear trend. For the ReLu solutions the ANN max system is faster to evolve than the
ANN mean system, for the hyperbolic tangent solutions the ANN mean system is faster
than the ANN max system. All the ANN solutions take less than 30 seconds on average
to evolve (Table 11). The best fitness per generation of all the architectures evaluated is

shown in Figure 8.

Table 10 Character Recognition generations to evolve, 35-52-78 ANN comparison using ReLu and
Hyperbolic Tangent activation in the hidden layer

Sys Mean Median | CV

ANN Mean Relu 451.47 412.5 0.35
ANN Mean tanh 407.58 384 0.27
ANN Max RelLu 386.75 354.5 0.35
ANN Max tanh 450.78 381 0.68

Table 11 Character Recognition time to evolve, 35-52-78 ANN comparison using ReLu and
Hyperbolic Tangent activation in the hidden layer

Sys Mean[s] Median[s] CV

ANN Mean RelLu 25.93 239 0.34
ANN Mean tanh 23.19 21.75 0.27
ANN Max RelLu 20.13 18.71 0.34
ANN Max tanh 23.06 19.45 0.67
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52-78 ANN Fitness per Generation
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Figure 8 Character Recognition best fitness per generation, 35-52-78 ANN comparison using ReLu
and Hyperbolic Tangent activation in the hidden layer

All of the 35-52-78 ANN systems are faster to evolve than the 35-52-26 ANN systems.
Comparing the fastest 35-52-26 ANN & 35-52-78 ANN systems, the 35-52-26 ANN tanh
requires approximately 2x the generations to evolve compared to the 35-52-78 ANN max
ReLu system. Even though there is a larger difference in the required generations, due to
the 35-52-26 ANN system having less neurons its time on average is very similar to
evolve. The most optimal system of the architecture investigated was the 35-52-78 ANN
max ReLu, this architecture is used in the main chapters for the comparison with the D-

VPLD and F-VPLD (section 5.1).
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4. Melanoma Classification
This section contains the description and results of the alternative ANN architectures

that are investigated for the melanoma classification problem but found to have lower
performance than the architectures described in section 5.2. The description of the
proposed method and GA used to evolve the architectures discussed below can be found
in sections 5.2.1 and 5.2.5 respectively.
4.1 ANN Classifier Architectures

For the ANN, two feedforward fully connected architectures (Figure 9) have been
investigated using two different activation functions, the first is a 16-16-1 architecture
(16 hidden layer neurons, 1 output neuron), the second is a 16-16-3 architecture (16
hidden layer neurons, 3 output neurons). The 16-16-3 architecture requires
postprocessing, where the three neuron outputs are combined to form a single output for
classification, this is done by taking the mean of the 3 outputs. The 16-16-1 architecture
requires no output processing. The ANN inputs are the 16 extracted ABCD and GLCM

features described in section 5.2.1.

ANN Architecture

Input[16] Outputs|s]

Qutput
Processing

Outputs[1]
f—

Input Hidden Output

Figure 9 ANN Architectures for binary classification of melanomas; 16-16-s architecture with 16
hidden layer neurons and s neurons in output layer.s = 1 or 3

The neurons in both the hidden and output layer share the same activation function,
both architectures are tested using the hyperbolic tangent and sigmoid activation
functions. The neurons weights & biases of the neurons range from -1 to +1 in steps of
0.01. Using the hyperbolic tangent activation function, the neurons output ranges from -
1 to +1. When using the sigmoid activation function, the neurons output ranges from 0 to

+1.
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4.2 Results
As with the VPLDs, the evolutionary efficiency and classification accuracy of the

ANN is investigated. Two architectures are evaluated with two different activation
functions (sigmoid and hyperbolic tangent). The different configurations for each
architecture are compared to determine the most optimal architecture for comparison to

the VPLD in section 5.2.

The ANN is evolved to classify skin lesions from the PH2 database, the lesions are
either cancerous melanoma or non-cancerous common/atypical nevus. One hundred
solutions are evolved for each architecture, the data of each of these one hundred GA runs

is used to assess the system performance.

Table 12 Summary of ANN Configurations Evaluated

System Configurations Tested
ANN e 16-1

o with hyperbolic tangent

o with sigmoid

o with hyperbolic tangent and mean output
grouping
o with sigmoid and mean output grouping

Evolutionary Efficiency

The required number of generations to converge to an optimal solution is comparable
for all configurations evaluated, both architectures evolve in close to 800 generations
(Table 13). The computation time however is greater for the larger architecture (Table
14), this difference is caused by the added computation time required for a) the
reproduction step of the GA process, and b) the fitness assessment stage of the GA
process, for the post-processing operation performed on the ANN output for the 16-16-3
architecture. The fastest ANN architecture to converge to an optimal solution is the 16-
16-1 architecture using the hyperbolic tangent activation function, approximately 770
generations in 12.59s of computation time on average. In Figure 10 showing the average
training accuracy (fitness) per generation, it is observed that both architectures have a
higher initial rate of evolution and reach a higher training accuracy when using the

hyperbolic tangent activation function.
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ANN Training Accuracy(Fitness) per Generation
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Figure 10 ANN Melanoma Classification, average best training accuracy(fitness) per generation

Table 13 ANN Melanoma Classification Number of Generations to Evolve

Sys Mean | Median @ CV
16-16-1, tanh 770.38 | 810.5 | 0.22
16-16-1, sigmoid | 792.73 834 0.2
16-16-3, tanh 757.89 @ 796.5 | 0.24
16-16-3, sigmoid | 760.2 823 0.25

Table 14 ANN Melanoma Classification Time to Evolve

Sys Mean[s] | Median[s]  CV
16-16-1, tanh 12.59 13.24 0.22
16-16-1, sigmoid 13.09 13.83 0.2
16-16-3, tanh 18.51 19.28 0.24
16-16-3, sigmoid 18.53 19.92 0.25
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Classifier Performance

Both architectures with both configurations reach training and test accuracies higher

than 90% (Figure 11, Table 15, & Table 16). The 16-16-3 architecture using the

hyperbolic tangent activation function has the highest average training accuracy and the

highest average test accuracy. Both architectures when using the hyperbolic tangent

activation function have a higher test accuracy on average, than when using the sigmoid

function. The accuracy level achieved by each architecture is very consistent, shown by

the coefficient of variance calculated from the 100 results, all architectures with both

configurations have a 1% CV for training accuracy, and a 2% CV for test accuracy (Table

15 & Table 16).

ANN Test Accuracy per Generation
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Figure 11 ANN Melanoma Classification, average test accuracy per generation

Table 15 ANN Training Accuracy (Fitness) for Melanoma Classification problem

Sys Mean  Median CV
16-16-1, tanh 95.32 | 9542 | 0.01
16-16-1, sigmoid = 94.74 95 0.01
16-16-3, tanh 96 95.83 | 0.01
16-16-3, sigmoid | 95.2 95.42 | 0.01
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Table 16 ANN Test Accuracy for Melanoma Classification problem

Sys Mean  Median CV
16-16-1, tanh 93.48 93.75 | 0.02
16-16-1, sigmoid | 90.81 = 91.25 | 0.02
16-16-3, tanh 95.31 95 0.02
16-16-3, sigmoid | 93.75 | 93.75 | 0.02

The 16-16-3 architecture using the hyperbolic tangent is chosen as the most optimal
ANN architecture. As with both VPLDs, the most optimal architecture is chosen based
on the classification accuracy, as this is the most important factor for a classifier model.
When considering the training and test accuracy, the 16-16-3 architecture using the
hyperbolic tangent function is the most optimal, having the highest training and test

accuracy on average.
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Appendix B: Supplementary Resources

Supplementary Resource 1

Hexapod Robotic Control-Deployed in Simulation Video
https://youtu.be/iWPSDBCe-C4

Supplementary Resource 2

Hexapod Robotic Control-Deployed to real robot Video
https://youtu.be/RgtlvylOK 4
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https://youtu.be/iWPSDBCe-C4
https://youtu.be/RgtlvyIOK_4

