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Resumen

La medicina, siempre a la vanguardia de la innovacién, ha adoptado continuamente
avances tecnologicos de otros campos con el objetivo de salvar vidas y mejorar la esperanza
de vida de las personas. Un claro ejemplo de esta transferencia tecnologica es el uso de
las imagenes hiperespectrales, originalmente desarrolladas para el analisis de la superficie
terrestre. Esta técnica no solo ha revolucionado el estudio de nuestro planeta, sino que
también ha encontrado aplicaciones prometedoras en el analisis del cuerpo humano. Sus
ventajas, como ser una tecnologia no invasiva, no ionizante y de alta precision, la convierten
en una herramienta ideal tanto para la deteccién de enfermedades complejas como para la
asistencia en intervenciones quirirgicas delicadas. No obstante, para que estas aplicaciones
sean practicas y eficientes, es fundamental avanzar en la capacidad computacional.

Este trabajo se centra en la aceleracion de un clasificador espacio-espectrales de imagenes
hiperespectrales, compuesto por los algoritmos PCA y SVM ejecutados en paralelo, seguidos
del algoritmo KNN. Su aplicaciéon esté destinada a asistir a los cirujanos en la delimitacion
precisa del tejido tumoral durante las operaciones de cédncer cerebral, asi como en la deteccion
estatica de cancer de piel. La implementacion de esta serie de algoritmos se realiza en
una FPGA como acelerador de hardware, y su optimizaciéon se lleva a cabo utilizando el
Intel OneAPI Toolkit, analizando las ventajas que ofrece para el desarrollo de este tipo de

aplicaciones.
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Abstract

Medicine, always at the forefront of innovation, has continuously adopted technological
advances from other fields with the aim of saving lives and improving people’s life ex-
pectancy. A clear example of this technological transfer is the use of hyperspectral imaging,
originally developed for the analysis of the Earth’s surface. This technique has not only
revolutionized the study of our planet, but has also found promising applications in the
analysis of the human body. Its advantages, such as being a non-invasive, non-ionizing and
high-precision technology, make it an ideal tool both for the detection of complex diseases
and for assisting in delicate surgical interventions. However, for these applications to be
practical and efficient, it is essential to advance in computational capacity.

This work focuses on the acceleration of a spatial-spectral classifier of hyperspectral
images, composed of the PCA and SVM algorithms run in parallel, followed by the KNN
algorithm. Its application is designed to assist surgeons in accurately delineating tumor
tissue during brain cancer surgeries, as well as in the static detection of skin cancer. This set
of algorithms is implemented on an FPGA as a hardware accelerator, and its optimization is
carried out using the Intel OneAPI Toolkit, analyzing the advantages it offers for developing
these types of applications.

Keywords

Intel oneAPI Toolkit, FPGA, Hyperspectral Imaging, PCA, SVM, KNN, Parallel Pro-

gramming, Cancer Detection, Medical Diagnostics, Intel DevCloud

I1I



Contents

1 Introduction

1.1
1.2
1.3
1.4

Motivation . . . . . . . . Lo
Objectives . . . . . . . .
Project Plan . . . . . . . . . oo

Document Structure . . . . . . . ...

2 State of The Art

2.1 Hyperspectral Imaging . . . . . . . .. ..o
2.1.1 Hyperspectral Imaging Applications . . . . . . . .. .. ... .. ...
2.1.2 Hyperspectral Imaging Analysis in Medicine . . . . . . ... ... ..
2.1.3 Obtaining Hyperspectral Images . . . . . . . .. .. .. .. ... ...
2.1.4 Hyperspectral Image Processing . . . . . . .. . ... ... .. ....
21,5 Images Used . . . . . . . . . ..
2.2 Reconfigurable Hardware . . . . . . .. .. .. ... ... ...
221 FPGAs . . . . e
2.2.2 Hardware Used: Stratix 10 FPGA . . . . . . . ... .. .. ... ...
2.3 Tools for Development . . . . . . . . ... ... ...
2.3.1 Hardware Description Languages . . . . . . . ... .. .. ... ...
2.3.2 Software Used: Intel oneAPT . . . . . . . . . ... ... ... ... ..
3 PCA
3.1 PCA Algorithm . . . . . . . .. ..
3.2 Base Implementation . . . . . ... ...
3.2.1 Algorithm Complexity . . . . .. ... ... ... ... ... .....
3.2.2  Algorithm Resource Utilization . . . . ... .. ... ... ... ...

IV

= W NN NN -

© oo o O

11
12
16
17
17
21
23
24
24



3.2.3 Performance Analysis . . . . . . .. ... o o

3.2.4 Base Implementation Limitations . . . . . . ... ... ... .....
3.3 Final Implementation . . . . . . . . ... ...
3.3.1 Improvements . . . . . . . ...
332 Results. . . . .. .o
SVM
4.1 The SVM Algorithm . . . . . . ... ...
4.2 Base Implementation . . . . . . .. ..o
4.2.1  Algorithm Complexity . . . . . .. . ... ... .. ... ...
4.2.2  Algorithm Resource Utilization . . . . . . .. ... ... ... ... ..
4.2.3 Performance Analysis . . . . . . . . ..o
4.3 Final Implementation . . . . . . . . . ... oo oo
4.3.1 TImprovements . . . . . . . . . ...
4.3.2 Results. . . . . . .
KNN
5.1 KNN Algorithm . . . . . . . . . .
5.2 Base Implementation . . . . . . .. ... ... .. ...
5.2.1 Algorithm Complexity . . . . . . ... .. ... .. ... ... ....
5.2.2  Algorithm Resource Utilization . . . . ... ... ... ... .....
5.2.3 Performance Analysis . . . . . . .. ... Lo
5.3 Final Implementation . . . . . . . . .. ...
5.3.1 Improvements . . . . . . . . . ...
5.3.2 Results. . . . . . o

Integration and Optimization of Combined Pipeline

6.1 Integrating the three algorithms . . . . . . . . .. ... ... ... ... ...
6.2 Algorithm and Complexity . . . . . . . . ... ... ... ... ... .. ..
6.3 Algorithm Resource Utilization . . . . .. .. ... .. ... ... ......

45
45
49
52
93
%)
%)
59
61

63
63
65
67
71
74
7
7
86



6.4 Performance . . . . . . . . 92

7 Conclusions and Future Work 94
7.1 Conclusions . . . . . . . s, 94
7.2 Future Work . . . . . . . s, 96
Bibliografia 106
A Contributions 107
A.1 Antonio Alvarez Sanchez . . . . . . . . . . . 107
A.2 Eneko Retolaza Ardanaz . . . . . . . . . . ... 108
A.3 Fabrizio Nicolas Zeballos . . . . . . . . . . . . . 109

VI



List of Figures

1.1

2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12

3.1
3.2
3.3

4.1
4.2
4.3
4.4

5.1
5.2

Gantt diagram of project planning . . . . . ... ..o L. 4
Concept of hyperspectral imaging . . . . . . . ... ... ... .. ...... 7
Differences between HS Images and RGB Images . . . . . ... .. ... .. 7
Pixel types in hyperspectral imaging . . . . .. .. .. ... .. .. ..... 8
Acquisition approaches of hyperspectral images . . . . . .. ... ... ... 12
Linear and nonlinear mixes . . . . . . . . . . . .. ... oL 13
Supervised and unsupervised algorithm examples . . . . . .. ... .. ... 14
Hyperespectral data classification categories . . . . . . .. ... ... .... 14
Algorithm implementation flow diagram . . . . . ... ... ... ... ... 16
Intel FPGA HyperFlex FPGA architecture . . . . . . . . ... ... .. ... 23
Intel oneApi enables integration between software and hardware . . . . . . . 25
Intel oneAPI FPGA development flow . . . . . . ... .. ... ... .... 27
Data transfer between kernel and host . . . . . .. .. .. ... ... 28
Example of orthogonal principal components . . . . . . ... ... ... ... 30
Hyperspectral data exceeding FPGA’s RAM limits . . . . . ... ... ... 36
PCA base implementation clock frequency summary . . . . . . . .. ... .. 37
Example of a hyperplane . . . . . . . . . ... oL 46
Nonlinear SVM classification of survey response . . . . . ... ... .. ... 46
Base SVM schedule viewer . . . . . . . . ... 55
Final SVM schedule viewer . . . . . . . . . . ... 0oL 62
Top window. . . . . . . . . 66
Constant size window. . . . . . . . .. .. Lo 67

VII



5.3
5.4
5.9
5.6

5.7

6.1

Bottom window. . . . . . . . 67

Kernel memory representation of N, (neighbor) and N (neighbors). . . . . 73
KNN base schedule. . . . . .. ... oo 75
Unroll x12 of PCA (left image), Unroll x2 of SVM (center image), feat dist

(D) (right image). . . . . . . . .. 87
KNN schedule fixed window . . . . .. ... ... oo 88
PCA, SVM and KNN computation diagram. . . . . . . . . . .. ... .... 90

VIII



List of Algorithms

coO N O Ut = W N

Principal Component Analysis - PCA, Base Implementation . . . . . . . .. 32
Principal Component Analysis - PCA, Final Implementation . . . . . . . .. 41
Support Vector Machine - SVM, Base Implementation. . . . . ... ... .. 49
Support Vector Machine - SVM, Final Implementation . . . . ... ... .. 56
K Nearest Neighbors - KNN, Base Implementation . . . .. ... ... ... 69
K Nearest Neighbors - KNN Top Window, Final Impl. . . . . . ... .. .. 79
K Nearest Neighbors - KNN Bot Window, Final Impl. . . . . . . ... .. .. 81
K Nearest Neighbors - KNN Fixed Window, Final Impl. . . . . . ... ... 83

IX



Chapter 1: Introduction

There is a deep concern for medical result-oriented analysis diagnosis nowadays. Artificial
intelligence and machine learning has developed medical diagnosis accurate tools, and this
pushes further the usability and relevance. From classical artificial intelligence to modern Al
such as transformers, there are many algorithms available. There are different Al predicting
and inference algorithms, with particular system requirements. Thus, depending on the
used hardware or available systems, there is a specific need to choose the correct resource.

Different hardware architectures such as Graphic Processing Units (GPUs) really out-
perform in this field, which has made them grow in popularity. However, the high cost and
power consumption still make them a difficult alternative for complex device environments.
Here is where Field-Programmable Gate Arrays (FPGAs) emerge.

Despite the popularity of GPUs and the availability of tools that make their setup easy,
FPGAs stand out for their low power consumption and, importantly, their reconfigurability
to adapt to various devices. In fact, due to their reconfigurable hardware, FPGAs have a
significant advantage over fixed hardware; with proper optimizations, their performance can
become comparable.

One of the main challenges for these devices is the lack of professionals specialized in
developing applications for them, compared to the GPU field. For this reason, Intel has
released libraries such as Intel oneAPI Toolkit, which translates high-level programming
language to binary FPGA executable code, making algorithm implementation easier on
these platforms.

The advantages of these libraries could make a capstone on the current industry, opening
the door to improving efficiency in scientific and technological research. Thanks to this
platform, researchers and developers can leverage the flexibility and low power consumption

of FPGAs without requiring specialized hardware knowledge, thus accelerating innovation



processes. In this work, one of the key perspectives explored is whether Intel oneAPI
can be considered a viable alternative to traditional approaches, particularly in terms of

implementing complex algorithms on FPGAs.

1.1 Motivation

The early detection of skin cancer and brain tumors is a critical challenge in the medical field,
where accuracy and efficiency can significantly impact patient outcomes. Hyperspectral
imaging has emerged as a powerful tool in this field, capable of providing detailed information
that enhances the ability to diagnose. However, the vast amount of data generated by these
images requires substantial computational resources, often leading to prolonged processing
times and limiting the feasibility of real-time applications.

FPGAs offer a powerful and transformative solution to current challenges, combining the
flexibility of traditional processors with extremely low power consumption and outstanding
speed. These programmable devices not only allow for hardware to be tailored to specific
needs but can also be seamlessly integrated into almost any instrument or tool, unlocking
new possibilities for revolutionary analysis and surgical assistance applications. Their ability
to efficiently merge software and hardware is positioning FPGAs as key players in the

technological innovations of recent years.

1.2 Objectives

The general objective of this project is the acceleration through Intel oneAPI Toolkit [1]
of a spatial-spectral classifier of hyperspectral images [2|, composed of the PCA and SVM
algorithms run in parallel, followed by the KNN algorithm.

These algorithms, used in an FPGA hardware accelerator, are part of a system for brain
cancer detection and assistance during the corresponding surgical operations. Thanks to
their acceleration, they can be used in real-time to analyze hyperspectral images and obtain

life-saving information.



Achieving this global objective is addressed throughout this report following specific

objectives described below:

e Analysis and evaluation of the provided algorithm chain.

Implementation of the algorithms in C++ with SYCL, adapted for compilation through

DPC++, and their operation on FPGA boards.

Individual optimization of each of the three mentioned algorithms (PCA, SVM and

KNN), analyzing their performance and potential improvements.

Integration of the optimized algorithms back into the complete chain, obtaining com-

bined results from their integration.

Parallelize the complete pipeline using the available hardware resources.

1.3 Project Plan

In order to achieve the objectives above, a detailed project plan has been drawn up. This
planning serves as a reference to measure its progress. Its representation has been made
employing a Gantt diagram in which a color legend can be found according to the tasks and

phases of the project (see Figure 1.1).



Review of papers and basic concepts

Installation of Intel OneAPI Toolkit

Execution of the original code and first results acquisition
Isolation of each algorithm (PCA, SVM, KNN)
Translation of C algorithms to C++ with SYCL

Execution of algorithms in local emulation

Knowledge and set-up of the Intel DevCloud environment.
Emulation of algorithms in DevCloud

Delay caused by Intel DevCloud maintenance

Execution of the first stand-alone version on Stratix10 boards
Analysis of the base implementation report

Optimization of isolated algorithms in Stratix10

Design of the memory

Mathematical explanation of the algorithms

Merging of algorithms and execution of the complete chain
Report writing

Results and optimization of the complete chain
Benchmark of brain and dermatological images

Touch-up of memeory details

Final delivery of the project
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Figure 1.1: Gantt diagram of project planning.

1.4 Document Structure

This document has been organized into chapters that gather all the information about this

work, from the research on hyperspectral images and algorithms to the results obtained after

optimization. All the chapters are presented below, sorted according to their appearance

order, together with a brief description:

e State of The Art: This chapter aims to provide an overview of the most recent

advances and shows the theoretical aspects of our work. On the one hand, it explains

the concept of hyperspectral imaging, its applications, especially in medicine, and its

acquisition and processing. On the other hand, the main hardware and software tools

for their implementation and analysis are presented.

e PCA: This chapter provides an analysis of the Principal Component Analysis(PCA)

algorithm for dimensionality reduction of hyperspectral images. It starts with the

4



analysis of a base implementation, which is later optimized to the final version together

with the performance results obtained.

SVM: This chapter addresses the study of the Support Vector Machine(SVM) algo-
rithm for the classification of hyperspectral images. It starts with an analysis of the
base implementation, which is optimized to the final version, along with the perfor-

mance results obtained.

KNN: This chapter includes the study of the K Nearest Neighbors(KNN) algorithm
for the filtering and homogenization of hyperspectral images. It starts with an analysis
of a base implementation, optimizing it to a final version, and then, shows the obtained

performance results.

Integration and Optimization of Combined Pipeline: This chapter explains the
full algorithm when PCA, SVM, and KNN are joined. Analyses the integration of the

three algorithms, from complexity to resource utilization and performance.

Conclusions and Future Work: These two chapters give a conclusion to the full
work, highlighting the results and possible future work to continue improving while

investigating.

Appendix: The first appendix lists the contributions of each of the members of the

project, collected by name.



Chapter 2: State of The Art

This chapter aims to analyze the current state of the art in hyperspectral image analysis
and its use by FPGAs, explaining the hardware and software involved.

It is divided into three main sections. First, in Section 2.1 hyperspectral images are
explained, starting from a conceptual point of view, analyzing their applications and their
relevance in medicine. Then, their acquisition, processing and finally, the images used
in this work are described. Secondly, in Section 2.2 reconfigurable hardware is explained,
explaining the functioning of FPGAs and all their components. Thirdly, Section 2.3 explains
the existing alternatives to develop programs on FPGAs, with special emphasis on the Intel

oneAPI Toolkit, used in our work.

2.1 Hyperspectral Imaging

A hyperspectral image (HSI) is a modality of image spectroscopy where 3D datasets are
generated. The third dimension is represented by the spectral bands, which result in a hy-
perspectral pixel, that is a column vector with the reflectance values of that pixel [3|. The
size of the vector corresponds to the number of given bands. A spectral band consists of
regions within a spectrum that have a specific range of wavelengths and frequencies. The
number of bands used can range from hundreds, allowing the capture of the spectral infor-
mation from the images. As Figure 2.1 shows, the hypercube represents a three-dimensional
matrix where the first two dimensions, samples and lines, reflect the image pixels, while the
third dimension includes the spectral bands of the image.

For the study of hyperspectral images, it is necessary to use the spectral reflectance
properties [4]. This reflectance is the fraction of reflected radiation over incident energy.
It varies for different wavelengths due to the type of material where it is incident, since it

can be absorbed or reflected to different degrees, this characteristic is defined as a “spectral



signature”, which is unique for each material [5]. For this reason, surfaces can be delimited

and materials differentiated thanks to hyperspectral imaging.
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Figure 2.1: Concept of hyperspectral imaging [6].

The main difference between hyperspectral images and other types of images such as
RGB ones, widely used on a daily basis, is that the latter loses the third dimension corre-
sponding to the spectral resolution, collecting very few spectral bands (usually 3 for red,
green, and blue colors). Figure 2.2 shows the differences between a hyperspectral image
and an RGB image. The first shows the spectral signature, while the last only shows the
intensity of the three colors mentioned.
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Figure 2.2: Differences between HS Images and RGB Images [7].



Another of the main characteristics of hyperspectral images is the different types of
existing pixels [8]. On the one hand, there are endmembers or pure pixels, whose spectral

signature is composed of a single material. On the other hand, mixed pixels are pixels

composed by different materials at the sub-pixel level. The latter are the ones that make
up most of the hyperspectral image since the mixture of materials predominates even at

the microscopic level [9]. A visual example of the different types of pixels can be found in
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Figure 2.3: Pixel types in hyperspectral imaging [6].

2.1.1 Hyperspectral Imaging Applications

Hyperspectral imaging was first developed for remote sensing, taking advantage of satellite
technology in the late 1980s, which made it possible to obtain the first hyperspectral image
of the earth for subsequent analysis [10]. However, nowadays, this technology has many

more applications. Some of the most important uses are mentioned below:

e Agriculture: Precision agriculture is growing with good perspectives to address the



increasing problems facing the agricultural sector. In fact, the number of publications
using hyperspectral imaging in agriculture has grown in the decade 2011-2020 (245
publications) compared to the decade 2001-2010 (97 publications) [11]. One of the
main uses has been to estimate biochemical properties such as leaf chlorophyll or
water content, affecting crop yields [12]. Hyperspectral imaging has also been used to

identify crop species, their growth status, or even diseases and plagues [13].

e Cultural heritage conservation: Multispectral imaging and later hyperspectral
imaging have been used in the field of cultural heritage since the early 1990s. Being
a non-invasive technique, it allows investigations on very fragile objects and some of
its uses have been to identify different materials, deteriorated areas, and to identify
past interventions [14]. Given the diversity of elements to be protected, researches
collected the main systems used in the field of conservation, explaining the number of

bands, detectors, materials, and surfaces on which they are currently used [15].

e Geology and Minerals: Geology has traditionally studied the composition of the
terrain. However, it is becoming increasingly multidisciplinary, which has lead to an
increment in the usage of remote sensing in geological analysis [16]. Thus, the use of
satellites has spread the application of hyperspectral image analysis for the study of
the Earth’s surface. One of the most common practices is the detection of mineral
deposits and strata, allowing to differentiate precious minerals as gold from others
such as silicon. Furthermore, they are also used to monitor the impact of mining
activities and mineral veins on the mining environment. Some studies have even used
hyperspectral imaging to analyze mineral collection by rivers flowing through mining

areas, such as the Odiel River flowing through the Iberian Pyrite Belt in Huelva [17].

2.1.2 Hyperspectral Imaging Analysis in Medicine

After exploring the applications of hyperspectral imaging in agriculture, cultural heritage

conservation, and geology, it is essential to highlight its impact in the medical field, which



is the focus of this work. The use of hyperspectral imaging has recently been adopted in
medicine, where it offers satisfactory results as a non-invasive diagnostic and evaluation
technique.

The depth that light penetrates into tissues depends on whether they are weak absorbers.
During the absorption process an energy transition occurs where at a specific wavelength can
result in a spectral signature for the diagnostic [7]. The light absorbed by tissue components
is transformed into heat or radiated in the form of luminescence, subdivided into fluorescence
and phosphorescence, where the first has a lifetime of the order of nanoseconds and the
second has a lifetime of the microsecond-millisecond order.

Fluorescence makes it possible to investigate tissues for diagnostic purposes. The received
light can be reflected into the tissue surface or scattered due to its variations. Alterations in
tissue morphology can affect the scattering patterns. Some biomolecules such as NADPH
and FAD re-radiate fluorescent light at a longer wavelength, these biomolecules are known
to be altered during the progression of diseases, making their autofluorescence a good target
for HSI methods [18].

Taking advantage of the information that hyperspectral imaging can provide in medicine,
and given its non-contact, non-ionizing, and non-invasive nature, it is being used for various
diseases in in-vitro, ex-vivo and in-vivo environments [2]. Many types of cancer have been
investigated using HSI [19], such as breast cancer [20], prostate cancer [21], melanoma [22],
or tongue cancer [23] among others. Other diseases such as foot ulcers in diabetes [24] or
even dental caries [25] have also been investigated using this technique.

In addition to disease detection, of its main use is as a tool for image guidance during
surgical operations, which is one of the objects of study. Tools such as intra-operative neuro
navigation, intra-operative magnetic resonance imaging (MRI), and fluorescent tumor mark-
ers such as 5-aminolevulinic acid (5-ALA) have been used to help surgeons delineate tumor
tissues. However, many of these methods have limitations, either at the computational and
imaging level or related to the side effects caused to patients [26]. Moreover, in the context
of brain tumor operations, this type of cancer diffusely infiltrates the surrounding healthy

brain tissue (especially gliomas), making it very difficult for the surgeon to differentiate be-

10



tween cancerous tissue and healthy tissue with the naked eye. Removing more tissue than
necessary can cause neurological problems while leaving some cancerous tissue behind can
encourage the progression of the disease [26]. These reasons make hyperspectral imaging a
promising alternative to help delineate cancer tissue in in-vivo brain cancer operations.
For its application in dermatology, HSI also represents a major breakthrough. Although
it is not used in such delicate situations as the above-mentioned operations, it makes it
possible to analyze skin lesions outside the human visible spectrum, which facilitates the

differentiation between moles and the detection of malignant areas [27].

2.1.3 Obtaining Hyperspectral Images

The concept of hyperspectral imaging emerged as a NASA mission at the Jet Propulsion
Laboratory in 1983, through the design and development of the Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS) [28|. It measured its first images in 1987 and since then its
contributions to HSI research have been constant over the years. It is capable of imaging
224 spectral bands with wavelengths between 400 and 2500 nm. NASA has also promoted
other hyperspectral missions that have given rise to sensors such as MODIS, launched in
December 1999 on the EOS Terra satellite [29], or EO-1 Hyperion, launched in 2000 as part
of the New Millennium mission [30]. There are also other non-NASA initiatives, such as
Japan’s HISUI launched in 2019 [31]. All of these sensors have made advances in the field
of remote sensing and the study of the Earth’s surface.

Regarding the cameras used to capture hyperspectral images in laboratory studies, they
maintain some differences from those used for remote sensing. There are four approaches for
acquiring 3-D hyperspectral image cubes, which are point scanning (whiskbroom method),
line scanning (pushbroom method), area scanning, and the single shot method [32]. Fig-

ure 2.4 shows these methods in an illustrative way.

11
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Figure 2.4: Acquisition approaches of hyperspectral images [32].

The camera used to capture the brain images used in our work is a Hyperspec VNIR
A-Series, which is based on the line-scanning technique [26]. This camera covers a spectral
range from 400 to 1000 nm, being able to capture 826 spectral bands and 1004 spatial bands.
This range has been selected to find the most relevant spectral regions where the tumor and

normal brain tissues can be distinguished using machine learning algorithms.

2.1.4 Hyperspectral Image Processing

To obtain the final result, the hyperspectral image needs to first be preprocessed (which
includes unmixing) and then processed. The final result will depend on the decisions taken
throughout the process. This section will explain how the image is processed after obtaining
it and the post-process.

The unmixing is a hyperspectral preprocessing part of the algorithm. In this stage, the

HSI mixed pixels are analyzed due to their huge amount of pixel resolution. Each pixel in
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a hyperspectral image typically contains a mixture of different materials or substances, and
spectral unmixing aims to decompose this pixel into its constituent materials (endmembers)
[33, 34].

There are two main models to interpret the sensor-received image: the linear model
and the nonlinear one. The first assumes that the absorption and refraction phenomena of
electromagnetic radiation are structured on a linear pattern. The nonlinear model processes
the randomly scattered endmembers through the image [34].

Figure 2.5 shows how linear models (a) reflect the information with a two-dimensional

plane and nonlinear models (b) have no linear plane to reflect so it needs to be corrected.

Figure 2.5: Linear and nonlinear mixes [33].

After this process, the raw image needs to be calibrated, extreme noise bands removed,
and bands averaged and normalized [26].

All the data analyzed in HSI needs to be processed and classified to obtain the final
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result. For this, the image needs to go through a computational and algorithmic process
[35]. After the scanner preprocessing, the data will go from the raw stage to the final result
stage (see Figure 2.8). Depending on what type of data is analyzed or what the data is for,
different processing tools and algorithms will be used.

One of the main differences between the algorithms can be if they are supervised or
unsupervised. Supervised algorithms have an attached output, so they are a labeled clas-
sification process. This means that the input size of data is the same as the output, so
the algorithms only transform the data, not the size. On the other hand, the unsupervised
algorithms transform the data size, so they are unlabeled. Figure 2.6 shows some examples

of the mentioned algorithm types.

Supervised Algorithms Unsupervised Algorithms
Spectral Angle Mapper (SAM) Principal Component Analysis (PCA)
Spectral Information Divergence (SID) Independent Component Analysis (ICA)
Maximum Likelihood Classifier (MLC) Minimum Noise Fraction (MNF)
Support Vector Machine (SVM) Non-negative Matrix Factorization (NMF)
Random Forest Classifier Clustering
Neural Networks (CNN, MLP) Self-Organizing Maps (SOM)
Endmember Extraction Algorithms Linear Spectral Unmixing (LSU)
Spectral Matching Algorithms Feature Extraction
Target Detection Algorithms Change Detection Algorithms

Figure 2.6: Supervised and unsupervised algorithm examples [35].

There are many other classification types between algorithms. Each one has its benefits,
and algorithms can not be only chosen because of the aim, they could also be chosen
because of the data size efficiency or performance [36]. Figure 2.7 shows the main algorithm

classification categories.

| Hyperpsectral Data Classification Categories l

Training Input Pixel Number of
Inlonnauon i
sample dlstrlbuhon mlormauon based classifiers
based bqsed based based

Supervised P1ramcn ic Sub-pixel Spectral Single
Unsupervised Non-Parametric Per-pixel Spectral/Contextual Ensemble

Semi-supervised Spectral-spatial

Figure 2.7: Hyperespectral Data Classification Categories [36].
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The three stages needed for image processing are, first, dimensionality reduction, then,
classification, and finally, segmentation. Each stage can be implemented in different ways,
depending on the approach and the data size.

For dimensionality reduction, some of the most used are Principal Component Analysis
(PCA), Independent Component Analysis (ICA), and Linear Component Analysis (LCA).
PCA is used mainly when there is a need to maximize variance, ICA to maximize statistical
independence, and LDA to maximize class separability. Another benefit is that the PCA is
unsupervised, while, for example, LCA needs to be labeled [35].

For the classification and segmentation part, there are many popularly used algorithms
and methods. Neural networks are becoming incredibly popular for general aim classifying,
they are showing really good results and many of them showcase their incredible perfor-
mance. However, in this case, there are not many images needed to train a neural engine,
and the computational resources in case there were enough images would be huge. For
this aim, algorithms such as Support Vector Machine (SVM), K-Nearest Neighbors (KNN),
Random Forest Classifiers, or Decision Trees are commonly used [37, 36|. In this case, SVM
and KNN are going to be used. SVM because of the good management of big sets of data
[38] and KNN because of the minimal assumption about the underlying data.

The implemented pipeline includes the preprocessing (calibration, noise canceling, band
averaging and normalization) and the processing (PCA, SVM and KNN) as can be seen in
Figure 2.8. In previous works, this pipeline has been complemented with a prior prepro-
cessing stage. However, these studies did not use FPGA. For example, 2] used low-power
and high-power GPUs (Nvidia GPU) or a low-power manycore platform. For this reason,

FPGASs could be a good option to replace such devices, improving results.
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Figure 2.8: Algorithm implementation flow diagram [26].

2.1.5 Images Used

Both the brain cancer images and the skin images used throughout this project have been
obtained from the work of Lazcano et al. [2|. On the one hand, brain cancer images have
been obtained using the camera mentioned in Section 2.1.3, continuing the visualization sys-
tem proposed by [26] and using the intra-operation methods for the collection of a database
of brain cancer images used by [39]. These are three images from three different patients
with a confirmed grade IV glioblastoma tumor by histopathology [2]. On the other hand, in

this work, we have used a single skin image obtained using a customized system composed
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of an HS sensor and a monochromatic (MC) sensor [2]. Table 2.1 shows the size and name
of the images used. As can be seen, all the brain images used have 128 hyperspectral bands,

while the skin image has 100 hyperspectral bands.

Dataset | Image ID | Pixels Size Size (MB)
Brain PB1C1 219,232 496 x 442 x 128 107.05
Brain PB2C1 184,875 493 x 475 x 128 90.20
Brain PB3C1 124,033 329 x 377 x 128 60.56
Derma | PD1C1 | 1,000,000 | 1,000 x 1,000 x 100 381.00

Table 2.1: Specifications of the images used |[2].

2.2 Reconfigurable Hardware

In today’s rapidly evolving technology, the demand for computational power has grown
exponentially. From handling enormous amounts of data to solving complex scientific prob-
lems, traditional sequential computing is often not enough. This is where parallel computing
comes into play, revolutionizing how computational tasks are solved [40].

Since the nineties, parallel computing has been used to compute large amounts of com-
plex data or real-time processing [41]. There was an inherent need to process the amount of
data that linear processing was struggling to process, so the best solution was to split the
tasks to compute it faster. As more processing units, as more could the process be split.

All this brings us to the current problem: parallel computing is also needed to compute
complex algorithms that manage large amounts of data. In this case, dermatological and
brain image processing totally needs parallel computing. The algorithm’s complexity would
make the linear process too slow for the medical diagnosis aim. This is where specialized

hardware such as Field Programmable Gate Arrays (FPGAs) come into play.

2.2.1 FPGAs

An FPGA is a reconfigurable semiconductor integrated circuit (IC) which is different from

other devices like Central Processing Units (CPUs) or GPUs. While CPUs and GPUs have
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fixed hardware structures that applications must use, FPGAs allow the creation of custom
hardware to execute a program. The design of an FPGA involves decisions at several levels,
such as high-level architecture. In an architecture design, engineers determine aspects such
as the number and type of functional blocks [42].

Although Application-Specific Integrated Circuits (ASICs) outperform FPGAs in a spe-
cific task, they require more development time and investment. In contrast, FPGAs offer a
faster, more cost-efficient alternative. A crucial aspect of FPGA design is balancing the con-
figurability of hardened blocks with the block footprint in the FPGA [42|. Hardened blocks
are pre-optimized units integrated into the FPGA to perform specific tasks more efficiently,
such as Digital Signal Processing (DSP) blocks. An ideal goal is to make these hardened
functionalities work in as many applications as possible at the same time as minimizing
their footprint in the silicon area [42|. Increasing the configurability of the hardened blocks
improves the versatility of these blocks, but may reduce the area efficiency [42]. However,
a block that cannot be used implies that the area it uses has been wasted and could be of
general use [42]. There are different types of hardware design features or blocks in FPGAs,
such as programmable logic, programmable routing, input/output (I/O) blocks, memory

blocks, and Digital Signal Processing (DSP) blocks.

Logic

Programmable logic is a fundamental component in FPGA architecture. Traditionally Basic
Logic Elements (BLEs) of an FPGA consists of two components: Lookup Table (LUTs) and
Flips-Flops (FFs) [42]. The logic blocks (LBs) contain multiple BLEs along with local
interconnects. These interconnects use multiplexers to route signals between the inputs and
outputs of the BLEs and LBs [42]. As FPGA technology has advanced, LUT and LB have
increased in size, larger LUTs allow more complex functions to fit into a single LUT, which
reduces the number of logic levels in the critical path, hence improving performance [42].
Modern FPGA architectures often include dedicated arithmetic circuits within their

logic blocks to optimize performance. For example, for deep learning (DL), FPGA designs
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normally incorporate DSP blocks designed for these tasks, increasing the density of hardened
blocks within FPGA fabric to improve performance in applications that rely on intensive

arithmetic [42].

Routing

Programmable routing in FPGAs plays a crucial role, as it typically uses more than half of
the fabric area and constitutes a large part of the critical path, so its efficiency is a key factor
[42]. The main purpose of routing is to allow any output of a function block to connect
to any input of the FPGA. FPGA routing architectures are usually divided into two types:
hierarchical and island-style.

Hierarchical routing reflects the structure of designs in which higher-level modules cre-
ate instances of lower-level, with frequent communication between nearby modules. This
allows hierarchical FPGAs to use short wires to connect small regions of a chip, resulting
in optimized routing for adjacent modules [42]. This type of routing is commonly used in
smaller FPGAs. Instead, island routing, used in larger FPGAs, involves segments of rout-
ing wires, connection blocks, and switching blocks. The connection blocks link the function
block inputs to wires together to make longer routes through the chip [42]. When it comes
to handling different connection lengths, modern FPGAs incorporate multiple lengths of
wiring segments, from short to long, but most segments have a moderate length [42].

A significant challenge in FPGA routing is that the delay of long wires is not improving
as the scaling of the process advances, resulting in stagnant or increasing delays. To mitigate
this, some vendors have integrated registers into the routing network. For example, Intel’s
Stratix 10 FPGAs, using its HyperFlex architecture, introduce registers into the routing
paths, enabling pipelining and enhancing performance by allowing data to be stored closer
to logic, reducing the critical path without requiring additional logic resources [43|. Although
this approach slightly increases area and delay, it significantly improves performance over

long connections [42].
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Input/Output Blocks

FPGAs have highly adaptable, programmable Input/Output (I/0) blocks that enable com-
munication with a wide range of external devices. These I/O structures must be flexible
enough to support different requirements from different voltage levels to various communi-
cation protocols, among many other features, which presents significant design challenges
[42]. These components are crucial because they enable FPGA integration with different

systems, therefore the adaptability of these components is key to FPGA usability.

Memory Blocks

In the early stages, FPGAs used FF as the primary form of on-chip memory. As FPGAs
became responsible for handling larger and more complex systems, the need for increased
memory capacity [42]. To handle this increasing demand, modern FPGAs integrate various
types of on-chip memory, with block RAM (BRAM) being the most commonly used [42].
A key challenge in FPGA design is determining the appropriate on-chip memory config-
uration. Since there is no single RAM configuration, the design must provide flexibility. For
this reason, FPGAs include BRAMs with configurable parameters, allowing the memory to
be customized to the specific needs of each application [42|. This customizability is crucial
to meet the diverse memory requirements of the vast variety of systems that can be imple-
mented in an FPGA [42]. FPGA memory architectures have evolved significantly over time.
To match the growing demand for on-chip memory, modern BRAMSs offer larger capacities
than previous versions, going from 2kb to 20kb in the most current version, such as in the
Stratix 10 [42, 44]. This increase in memory reflects the growing need to handle complex
tasks, such as artificial intelligence (AI) and data processing. In this work, HSI processing

and analysis is an example of such demanding tasks.

Digital Signal Processing Blocks

Previously, in FPGA architectures the only dedicated arithmetic circuits were the carry

chains. Multipliers, by contrast, had to be built using logic with LUTs and carry chains,
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which carried significant penalties. When applications with high multiplier density increased
in demand, designers began to explore innovative methods to mitigate these inefficiencies
[42].

The main objective of a DSP block was to minimize the use of soft programming to
implement common DSP algorithms by embedding more hardened functionality directly
into the DSP block. In the last years, the use of FPGAs has expanded significantly. The
evolution of complex task computing needs, such as Deep Learning (DL), has pushed DSP
block architectures.

FPGAs have now become a powerful solution for DL inference, offering higher power

efficiency than GPUs and lower development costs compared to ASICs [42].

2.2.2 Hardware Used: Stratix 10 FPGA

For this bachelor thesis, the Stratix10 FPGA from Intel’s FPGA System-on-Chip (SoC)
family, specifically the SX 2800, is used as development hardware [44]. The Stratix10 is a
leading-edge model in Intel’s SoC FPGA family, which combines FPGA technology with
high-performance computing (HPC). Built on Intel’s 14nm FinFet processor technology, the
Stratix 10 brings innovations in FPGA hardware architecture, such as HyperFlex architec-
ture, an ARM Cortex-A53 processor, and broad (Digital Signal Processing) capabilities [44].
These features position the Stratix10 as an ideal solution for demanding software and HPC.
The ease of use thanks to the intel dev cloud and the integration with the Intel oneAPI and
SYCL, explained in the following sections, are also taken into account.

According to intel Stratix 10 SX 2800 the following available resources are seen in the

Table 2.2 [44].

21



Resources Units
KLE 2,753
Adaptive Logic Modules (ALMs) 933,120
ALM registers 3,732,480
M20K memory blocks 11,721
M20K memory size (Mb) 229
MLAB memory size (Mb) 15
DSP Blocks 5,760
18 x 19 multipliers 11,520
Peak fixed-point performance TMACS 23
Peak floating-point performance TFLOPS 9.2

Table 2.2: Stratix 10 SX overview of resources and performance [44].

One of the main advantages of using the Stratix 10 over previous FPGAs is the addition
of the HyperFlex Architecture.

The main core of this architecture is implementing Hyper-Registers, mentioned in the
previous section, which are additional pipeline registers strategically placed all over the
FPGA fabric (Figure 2.9) [43]. This approach breaks the link between ALMs and the Hyper
Registers used to improve the critical paths, thereby improving the design efficiency. These
hyper registers are integrated at the intersections of the horizontal and vertical routing
segments within the FPGA. Unlike traditional registers, Hyper-Registers are bridgeable
and lack an input routing multiplexer [42]|, making them more efficient without significantly

increasing the silicon area.
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Figure 2.9: Intel FPGA HyperFlex FPGA Architecture [43].

The Stratix 10 SX 2800 was selected over alternative devices such as GPUs, due to
high power consumption and not being the best hardware for the research objective [45],
and lower performance versions of the Stratix 10 family [44]. The HyperFlex architecture,
combined with high resources such as ALM, DSP blocks, and M20K memory blocks make it
ideal for HPC and DL inference tasks [42]|. In addition, the integration of Intel Dev Cloud,
oneAPI, and SYCL simplifies development workflow, an advantage that is not possible using
hardware description languages and local boards. While the Stratix 10 NX offers specialized
blocks for AT workloads, it has no availability on Intel Dev Cloud making it impractical for
this project, but it is an alternative for future work. Therefore, the Stratix 10 SX 2800

emerged as the optimal choice for this investigation.

2.3 Tools for Development

Developing parallel and hardware designs requires specialized tools that enable efficient

implementation. There are many development languages and programs for such aims. In
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this section, some alternatives and contexts will be analyzed.

2.3.1 Hardware Description Languages

Hardware Description Languages (HDLs) are specialized computer languages used to de-
scribe the structure, design, and behavior of electronic circuits, particularly digital circuits
such as processors. Developers not only need to worry about efficiency when program-
ming but also want to have a correct hardware configuration for it. These languages allow
designing specific hardware for a specific aim [46].

These languages have many differential features over conventional programming lan-
guages. They allow concurrent execution, which shows the paralleling nature of the HDLs,
they also can simulate how a circuit will behave and see how the data is transferred in the
lowest level.

The two most important HDLs are VHDL and Verilog. VHDL was first developed in
the 1980s by the United States Department of Defense, but rapidly taken as a commercial
hardware design language [47|. This language can describe all the hardware components
that a system will have, without needing to have them, it can set how data is transferred
through registers, and it also can configure the logic of the gates and interconnections [48].
Verilog was also created in the 1980s and became a standard for digital system design. Its
syntax is similar to C language, making it easier for software developers to learn it [49]. The

aim and possibilities are similar to VHDL.

2.3.2 Software Used: Intel oneAPI

Intel oneAPI Base Toolkit is a development platform that allows developers to create, test,
and optimize high-performance applications across plenty of hardware architectures, includ-
ing CPUs, GPUs, and FPGAs. One of its core features is the support for DPC++ (Data
Parallel C++), an open-source compiler that supports the SYCL 2020 standard, thus allow-
ing the compilation of parallel applications on several systems. SYCL is an industry-driven

Khronos Group standard adding advanced support for data parallelism with C++ to sup-
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port accelerated heterogeneous systems [50|. Therefore, thanks to the use of oneAPI and
its DPC++ compiler, it is possible to create, compile and run applications on FPGAs using
the common C++ language and its SYCL standard. As shown in Figure 2.10, Intel oneAPI
fills the gap between high-level applications and hardware accelerators by providing a “level

zero® interface to the hardware [51].

| Optimized Applications |

| Optimized Middleware and Frameworks |

One API

Porting Direct Programming API-Basef:J Analysis and
Tools Data Parallel C++ Programming Debug Tools
(DPC++) OneAPI Libraries €

Level Zero Interface |

(ot ) (veaor | (o ) [ eer )

Figure 2.10: Intel oneApi enables integration between software and hardware [51].

In addition, Intel offers a free cloud-based ecosystem called Intel DevCloud. This is
a development sandbox that allows you to use the Intel oneAPI Toolkit among other re-
sources. One of the most important features is that it offers support with different intel
FPGA boards. Therefore, by using Intel oneAPI Toolkit and DevCloud, developers can
take advantage of Intel’s powerful hardware accelerators without needing direct access to
physical devices. The platform provides a rich environment for debugging and optimizing
applications for performance and efficiency, making it a really useful tool for parallel pro-
gramming or accelerating heterogeneous systems. In addition, it includes many tools to

improve the programmer’s quality of life especially for development on FPGAs, including;:

e FPGA Emulation: It allows to quickly compile the program in the Intel Emulator
Device, offering an alternative to test different approaches to the final version, saving

compilation time.

e Optimization Report: The report generated after partial hardware compilation of
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DPC++ for FPGA provides critical information for development, including views of
structures, memory layout, performance, bottlenecks, and resource estimates. This
step helps in developing and refining designs for better performance and more efficient

use of resources (see Figure 2.11). Some key elements of the report are:

Visualizations: Illustrates how code structures are mapped onto the FPGA’s re-
sources, which helps identify inefficiencies and optimize the design. The report has

three main visualizations: system viewer, memory viewer and schedule viewer.

Bottlenecks: The report highlights areas where performance is limited. The bot-
tlenecks may arise from various factors, such as inefficient data paths, suboptimal

memory access patterns, etc.

Resource Utilization Estimates: It provides an early assessment of how much of
the FPGA’s resources will be consumed by the design. This information is crucial to
ensure that the design meets the requirements of the target FPGA prior to hardware

compilation.

FPGA Hardware Imaging: The final step produces the FPGA bitstream or RTL
files, where the final design is compiled for deployment on actual hardware. During
this stage, compilation also provides accurate information about the design’s resource
utilization, such as the use of logic elements, memory and DSP blocks and more. In
addition, the compilation generates fMax numbers, which determines the maximum
clock frequency at which the FPGA can operate. This information is crucial for

measuring the performance potential of the design.
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Figure 2.11: Intel oneAPI FPGA development flow (Own work).

Intel oneAPI Toolkit has been chosen to do this work for many reasons and advantages.
It uses the C++ syntax, so it is easily learnable for developers, without having to learn new
syntax and adapt to a new environment. For example, compared to VHDL, there are much
more developers that know the C++ syntax. Furthermore, it also has free FPGA to use
online and an advanced cloud system to control all the workflow. There is no need to invest
in boards, everything is available in the cloud and for free.

This language offers a multitude of mechanisms that make it possible to control program
execution devices and data input and output flows. The most important ones, which are

necessary to understand the algorithm flow, will be explained below:

e Kernels: C++ with SYCL programs are single-source, meaning that the same source
file contains both the code that defines the kernel to be executed on SYCL devices and
also the host code that orchestrates the execution of those kernels [50]. The former will
be commonly called device code while the latter will be called host code. Therefore,
a kernel will be the code fragment that executes on the FPGA through a connection
element called queue. The execution of these kernels is done asynchronously since
the host sends the work to the queue and continues with its usual execution without

waiting for results.



e Data management: In addition to controlling where our code runs through kernels,
it is also important to control the memory of each of our devices. For proper load
and store operations performance, the data should ideally be stored locally in the
FPGA. However, even if the above-mentioned operations worsen, it is also necessary
to transmit data between host and device (see Figure 2.12), such as the hyperspectral
image or the result of the algorithms. For this data movement, there are buffers, which
are an abstraction of data representing one or more objects of a C++ type [50]. To
use them, it is necessary to create accessors, which provide information about how the

data in the buffer is intended to be used, either read, write, or both.

e Optimization flags: Intel offers additional extensions to C-++ with SYCL, which
provide flags and attributes to optimize program development for specific devices, in-
cluding FPGAs. It provides customization capabilities with attributes such as sched-
uler _target_fmax_mhz to set the maximum clock frequency of the program, and

optimization with attributes such as loop fusion or max_interleaving.

Host Execution

Figure 2.12: Data transfer between kernel and host [50].
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Chapter 3: PCA

3.1 PCA Algorithm

The Principal Component Analysis (PCA) algorithm formally introduced by Harold Hotelling
[52], is a multivariate statistical method used to reduce the dimensionality of large datasets
while retaining as much relevant information as possible. It focuses on transforming a large
number of intercorrelated quantitative variables into a smaller set of uncorrelated variables
called principal components. These components are linear combinations of the original vari-
ables, and their calculation is based on the decomposition into eigenvectors and eigenvalues
from the correlation matrix of the dataset. On the one hand, the eigenvectors indicate the
directions of greatest variance. On the other hand, the eigenvalues measure the weight of
the variances picked up by the eigenvectors. Thus, the principal components are ordered by
their eigenvalues in a way where the first component explains most of the variance of the
data, the second component explains most of the remaining variability by being orthogonal
to the first component, and so on. Figure 3.1 shows an example of the principal component
representation.

Despite being a method that allows numerous principal components to be obtained,
some studies have shown that the first five bands contain practically all the information
contained in the hyperspectral image [53|. In addition, this work only needs one band or
principal component for the execution of the KNN algorithm [2|. This allows variations of

the algorithm that optimize the calculation of the first principal component.
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Figure 3.1: Example of orthogonal principal components [54].

The mathematical expression to calculate the PCA [55]| of a hyperspectral image X is:
C = VAV~! where C is the covariance matrix of the image X, V = [v,vy,...,v,] is an
orthogonal matrix whose columns are the eigenvectors of C where n is the total number of
spectral bands and A is a diagonal matrix containing the eigenvalues of C.

The PCA can be divided into four main steps in the process of obtaining the main
components. The steps are presented below and explained mathematically, detailing the

implementation possibilities of each step and their suitability for a hardware implementation.

1. Arrange the data in the original matrix, calculating the mean of each of the
spectral bands and subtracting it from the corresponding pixels, thus centering the
matrix at the origin to increase the accuracy of the covariance matrix, eliminating

biases caused by the heterogeneous distribution of the data.

2. Calculation of the covariance matrix of the original dataset, expressing the cor-

relations between bands.

3. Obtaining the eigenvalues and eigenvectors of the covariance matrix, sorting

them decreasingly according to their eigenvalue.

4. Projection of the principal image on the subspace of the chosen eigenvectors to

obtain the desired principal components.
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3.2 Base Implementation

This section describes in detail the PCA algorithm implementation used as a basis for this

work, following the steps described above.

1. The data is organized in the form of a two-dimensional matrix of n data vectors
X1,. .. ,X, that collects the pixels of each of the bands, where n is the number of
spectral bands collected in the image. Each vector x; will have p columns or variables,
which collect the pixels. Therefore, a p X n matrix X is obtained. For computational
reasons, the base algorithm transposes the X matrix into a bands X pizels matrix Y

of size n X p.

2. A one-dimensional vector m n -sized is calculated so that each element m; contains
the mean of the corresponding spectral band. Thus, the vector m will be m[j] =
i >i, Y[i, j]. This vector is then subtracted from each corresponding pixel, centering
the data at the origin and standardizing it. The centered data will be stored in a new

n X p matrix B.

3. Calculation of the covariance matrix C of size n x n such that C' = IﬁBT - B, where

BT is the transpose matrix of B. The result will be a square matrix of size n x n.

4. Computing the eigenvalues and eigenvectors of the covariance matrix using Jacobi’s
method. This is a method that consists of approximating the original matrix into a
diagonal matrix by successive iterations of rotations [56]. The off-diagonal elements
are converted to zero until all the off-diagonal elements are sufficiently small. For
its implementation, two methods exist depending on how the element to be reduced
is selected. The classical method, although it guarantees fewer iterations, is more
computationally expensive because it looks for the largest element to minimize. That
is why the cyclic method is implemented, which reduces the elements in order as
they are encountered. Finally, the obtained eigenvalues can be expressed as C} =

... QY- C-Qp---- Q1 where Q; are the successive Jacobi rotation matrices and
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C is the original covariance matrix. In turn, the eigenvectors are stored in a matrix

P of the same size such that P, = Q1 - Q2 - Q3 - -+ - Q.

. The eigenvalues are stored in a one-dimensional auxiliary vector r of size n for reducing

accesses to the matrix when reordering the eigenvalues such that r[i| = C[i,]. Using
the vector r the Bubble Sort method is applied to sort the eigenvectors from P,
being stored in a same-sized matrix O, but with the elements ordered according to

their eigenvalue.

. Finally, the original matrix is projected onto the subspace determined by the principal

components. For each original pixel centered at the origin, the scalar product is
realized with the corresponding eigenvector, stored in a matrix T of size p x b where

b is the number of chosen principal components. Thus, T;; = 22:1 By - Oy;.

Taking into consideration all the steps described and the methodology to carry them

out, the pseudocode corresponding to the base implementation is presented below:

Algorithm 1 Principal Component Analysis - PCA, Base Implementation

Input: Image
Output: PCA
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— = =

# Step 0 - Initialization
VM <0
<0
for i = 0 to BANDS do
for ) =0 to N do
Y] = X
end for
end for
7# Step 1 - Preprocessing
for : = 0 to BANDS do
for j =0 to N do
|l = Yid)
end for
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. end for
. for : = 0 to BANDS do
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for j =0 to N do
| Blij] = YT[ij] — pli
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53:
54:
55:
56:
57:
58:
59:
60:
61:

‘ end for
end for

# Step 2 - Covariance matrix
for i = 0 to BANDS do

end for
end for

for j =i to BANDS do

for £k =0to N do

| VMgt = ulik] - B
end for

VMIij] = VMl /(N = 1)
VM[ji] = Vmlij]

# Step 3 - Jacobi Method
P « IdentityMatriz(BANDS)
r[BANDS] < 0

O[BANDS x BANDS| «+ 0

e < —0.00001

end < 0

while end == 0 do

end for
end while

end <1

sum < sum__diagonal(V M)

for + = 0 to BANDS do

for j =i+ 1 to BANDS do
if VM]Jij] > €- sum then

end =1

a = VM[ij]/(VM[jj] = VM)

cosA =1/(sqrt(a-a+1))

sinA = cosA - «

for £ =0 to BANDS do

VMlik] = cosA - VMJik] — sinA -V M[jk]
VM|[jk| = sinA -V M[ik| 4+ cosA - VM|jk]
end for

for £ =0 to BANDS do

VM|ki] = VMIki] - cosA — V MIkj] - sinA
VM|kj| = VM[ki] - sinA+ V M[kj] - cosA
Plki] = P[ki] - cosA — Plkj] - sinA

Plkj| = P[ki] - sinA + P|kj| - cosA

end for

end if
end for

r < diagonal(V M)
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62: s < (0,1,..., BANDS —1) > Sorting Order
63: for i = 0 to BANDS-1 do
64: for j =i+ 1 to BANDS do

65: if r[j] > r[j — 1] then
66: Swap(r(i], r[j])

67: Swap(s[i], s[j])

68: end if

69: end for

70: end for

71: for : = 0 to PCA_BANDS do
72: for j = 0 to BANDS do

73: Olji] = Pljs[i]]
74: end for
75: end for

76: # Step 4 - Projection
77: for + =0 to N do

78: for j =0 to PCA_ BANDS do
79: for £ =0 to BANDS do

80: | PCAlij]+ = Blki] - Olkj]
81: end for

82: end for

83: end for

3.2.1 Algorithm Complexity

As can be seen in the pseudocode (see Algorithm 1), the base implementation is divided
into 4 main steps, including a main initialization step where the input image X of structure

pixels X bands is transposed into a matrix Y of structure bands x pixels, with complexity:

O(b x p)

The preprocessing step has the same complexity since all the pixels are traversed for
each of the bands, calculating the mean of each band and then traversing the matrix again

and centering it by subtracting the mean. The complexity will therefore be:

O(b x p)
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The calculation of the covariance matrix (step 2) is the second most complex part of
the algorithm. Its calculation consists of the covariance of each pair of variables. For each
band, the covariance of all pixels is calculated with the rest of the bands. Which means,

going through all the bands and pixels for each band, resulting in a complexity of:

O(b x b x p) = O(b* x p)

The Jacobi method step is the most critical point in the algorithm. Its complexity
is given by an external while loop, which performs the iterations of the method and whose
complexity depends on the convergence of the method. For the analysis of its complexity,
O(bands?*) will be taken, since it is usually proportional to the square of the matrix size. As
for the inner loops, they are three nested loops with a total complexity of O(bands®). At
the end of the method, the elements are sorted under a complexity O(bands?). The total

complexity of the Jacobi step is therefore :

OB x b* + b2) = O(b°)

Finally, the matrix projection step runs through the transposed image (bands x pixels)
by the number of principal components analyzed. Since only the first component is taken

into account, the final complexity of this step is:

O(b x p)

3.2.2 Algorithm Resource Utilization

When analyzing the resource consumption of this base implementation, Table 3.1 shows the
system’s resources. These resources are related to the memory initialized throughout the
program, as well as all hardware components such as ALUTs (Adaptive Look-Up Tables)
or FF (Flip-Flops). Static Partition describes the resource consumption used by the entire

system, i.e. all kernels, pipelines, and board logic. On the other hand, Kernel System and
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more specifically PCA - Q explain the resource consumption made by the kernel in charge

of the PCA, being Q the queue used for its implementation.

ALUTs FFs RAMs MLABSs DSPs
Static Partition 466792 (25%) | 928428 (25%) | 3039 (26%) 0 (0%) 1291 (22%)
Kernel System 76198 (4%) | 107254 (3%) | 665 (6%) | 555 (<1%) | 112 (2%)
Global Interconnect 3781 5400 121 0 0
PCA - Q 72415 (4%) 101783 (3%) 542 (5%) | 555 (<1%) | 112 (2%)

Table 3.1: FPGA’s area estimates of PCA base implementation.

Compiler Error: The estimation of resources consumed by this design exceeds the size of the target device.

Compiler Error: If you wish to continue compilation anyways, use the flag "-Xsdont-error-if-large-area-est".

Compiler Error: The device 1SX28@HN2FU43E2VG contains 11721 RAM blocks, while the design is estimated to use 69098 (589%).

Figure 3.2: Hyperspectral data exceeding FPGA’s RAM limits.

One of the most remarkable aspects is that the base implementation of the PCA hardly

uses any RAM resources. This is mainly because the hyperspectral image information, the

largest data, is stored in the host and transmitted to the FPGA through buffer accessors.
If this data were stored in the FPGA RAM, they would need to use up to 589% of the

FPGA RAM (see Figure 3.2). That is why even intermediate structures, such as the image

centered at the origin, need a buffer accessor. Table 3.2 below shows the structures required

for the PCA implementation and their size based on PB1C1 image.

Buffer Dimensions Type Size of data Type | Total Size
Image Data (X) n x p=28,061,696 | Float 4 Bytes 107MB
Image Data BP (Y) p X n = 28,061,696 | Float 4 Bytes 107MB
Centered Image (B) n X p=28,061,696 | Float 4 Bytes 107MB
Mean Vector (m) n =128 Float 4 Bytes 0.5KB
Covariance Matrix (C) nxn=16,384 | Double 8 Bytes 128KB
Eigenvectors Matrix (P) nxn=16,384 | Double 8 Bytes 128KB
Eigenvalues Vector (r) n =128 Double 8 Bytes 1KB
Eigenvectors Ordered (O) n xn = 16,384 Double 8 Bytes 128KB
PCA Output (7) p x b=219,232 Double 8 Bytes 1.67MB

Table 3.2: Size of PCA’s base implementation data according to PB1C1 image.

As can be inferred from Table 3.2, the structures corresponding to the hyperspectral

image data as input, and the PCA result as output, are stored on the host and accessed
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by read-only and write-only buffer accessors respectively. Limiting them exclusively to
input and output avoids load and store delays in these structures throughout the algorithm.
However, due to memory issues, both the transposed image and the centered image are also
stored on the host. These last structures are used throughout the algorithm, causing delays
due to memory accesses, as shown in Section 3.2.3. The rest of the structures presented in
the table are properly stored locally in the FPGA, occupying a small amount of memory

space.

3.2.3 Performance Analysis

As observed from the results on the maximum clock frequency achieved (see Figure 3.3), the
target of 375 MHz is significantly higher than the actual result of 249 MHz. This discrepancy

is primarily due to bottlenecks in the algorithm caused by memory dependencies.

¥ Clock Frequency Summary

Quartus Achieved Clock Compile Target Frequency = Compile Estimated
Frequency (MHz) (MHz) Frequency (MHz)
Kemel clock 249.00 375.00 375.00
Clock Zx 498.00

Figure 3.3: PCA base implementation clock frequency summary.

These issues are directly related to the loops’ Initiation Interval (II), which represents
the number of clock cycles between the start of successive loop iterations. Since the target
IT of each loop is not specified, the compiler makes its best effort to maximize the maximum
frequency, even if that means worsening the II of some of the loops [57]. Ideally, these loops
should have an II of 1, which would mean that there are no data dependencies. However,
many loops have a higher II than usual, some of them, such as the calculation of the centered
matrix or the matrix projection are greater than 600. All these loops have in common read

and write accesses to memory through accessors, with a load operation of 634 cycles.
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This means that, if the memory dependency is not resolved by code restructuring, iterations
of the loop cannot be chained.

Another problem encountered in these loops is that the memory accesses mentioned
have the stallable category. This means that an attempt is being made to access the same
memory port in the same clock cycle, so one of the instructions must be delayed. Finally,
the kernel of the base implementation lasts 4230 clock cycles, mainly determined by the
input and output of data via the accessors. In addition, some operations, such as division
operations, cause considerable latency.

In consideration of the execution time, the duration from the start of the kernel to the
end of the PCA result has been taken into account. For the base implementation, the
execution time is 93800 milliseconds. Note that this time does not take into account the

loading of the image and all the preparation of the algorithm.

3.2.4 Base Implementation Limitations

After analyzing the performance of the base implementation of the PCA from different
points of view, several opportunities for improvement arise, both from the conceptual point
of view and the mathematical methods used, as well as from the computational point of

view and the applicable programming techniques.

e At a conceptual level, from the beginning of the explanation it has been shown that
for the calculation of eigenvalues and eigenvectors it is not necessary to have a method
such as Jacobi’s method implemented. Although its accuracy and usefulness are very
high for generalized implementations of the PCA, this case only needs the first band,
so that much computational load is left over (in the matrix rotations, complexity
of approximately O(N?) is reached). In addition, the process of restructuring and
reordering eigenvectors would be avoided. Another important aspect to restructure is
the calculation of the image centered at the origin. Alternatives should be explored
to avoid or reduce centering the entire image, since due to its size it cannot be stored

in the FPGA, which means slower memory accesses.
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e Regarding the applicable programming techniques, the alternatives offered by
Intel oneAPI must be applied to optimize code performance. With the use of the
report information, we should try to reduce accesses to shared memory outside the
FPGA due to its high latency. Operations that read from and write to the same
memory location, such as cumulative sums, should also be avoided, using instead

auxiliary variables that reduce latency.

3.3 Final Implementation

This section explores the final implementation of the PCA for this work, reviewing the
changes made and the reasons for them. The limitations explained in Section 3.2.4 leave a
latent need to improve the algorithm’s shortcomings, and the available optimizations will

allow achieving very optimistic results for implementing this algorithm in a real environment.

3.3.1 Improvements

One of the first items addressed to make changes was the process of obtaining the eigen-
vectors and eigenvalues. In the original implementation of the PCA algorithm, the Jacobi
method was used to calculate the eigenvalues and eigenvectors. While the Jacobi method is
robust and provides all the eigenvalues and eigenvectors, it is computationally intensive and
time-consuming. However, since the primary goal of this project is to extract only the first
principal component, a more efficient approach was adopted: the Power method. The
Power method is particularly well-suited for finding the largest eigenvalue and its corre-
sponding eigenvector, making it ideal for this use case. Compared to other algorithms, such
as the QR algorithm, which also provides all eigenvalues, the Power Method is significantly
faster and less resource-intensive when only the dominant eigenvector is required.

The Power method, like the Jacobi method, is an iterative method in which the result

converges to the eigenvector. Starting from a matrix A of size n X n, it begins with a
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non-zero initial vector xg, forming a sequence such that:

T, = AIO

Ty = A.ﬁlﬁl = A(Al’o) = A21‘0

zp = Axp_y = A(A ) = AFag

Thus, with the correct number of iterations, a good approximation of the dominant
eigenvector is achieved. For this implementation, at most 100 iterations will be performed
until the difference between two consecutive eigenvalues is below the value of epsilon =
le-6. In addition to the eigenvector, it is also necessary to calculate the eigenvalue, which
is unknown. For this purpose, the Rayleigh quotient is used which, given an eigenvector
r and a matrix A, its corresponding eigenvalue \ is calculated as A = % Thus, the
dominant eigenvector and eigenvalue of the matrix are obtained, reducing the computational
complexity of Jacobi’s method.

Another point where improvements have been made is in the calculation of the covariance
matrix. Storing the entire matrix was very costly in terms of FPGA memory. However, the
new implementation solves these problems. Instead of centering the image and calculating
the covariance matrix in steps, the operations are grouped in such a way that the mean pixel
vector is calculated at the same time as a correlation matrix. The last step uses the latter by
fitting it with the pixel mean to compute the covariance matrix. In this way, accesses to the
original matrix are considerably reduced, enhancing local memory and grouping operations
in the loops. Just as normalization is performed on the fly in the calculation of the covariance
matrix, it is also performed in the projection of the matrix at the end of the algorithm.

The pseudocode of the final implementation of the PCA can be found below (see Algo-
rithm 2). The improvements show an enhancement in complexity at various steps of the
algorithm. Although adding the computation of the correlation matrix in step 1 increases

the complexity to O(b* X p), the complexity of the covariance matrix computation at step
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2 becomes O(b?), since it starts from the computed correlation matrix.

The aspect that improves the complexity the most has been the power method. The cal-
culation of the eigenvectors and eigenvalues using Jacobi’s method had a complexity of O(b°),
while the power method achieves a complexity of approximately O(b®). The mentioned com-
plexity is the worst case, since it would run 100 iterations to converge (approximates the

number of bands given their similarity in the images used).

Algorithm 2 Principal Component Analysis - PCA, Final Implementation

Input: Image
Output: PCA
: 7+ Step O - Initialization
VM <+ 0
CM +0
w0
# Step 1 - Correlation matrix and mean pixel
for i =0 to N do
for £k =0 to BANDS do
\ plk|+ = X[ik]
end for
for j = 0 to BANDS do
for k =0 to BANDS do
| CM[jk] = X[ij] - X[ik]
end for
end for
: end for
. for i = 0 to BANDS do
plil /N
for j = 0 to BANDS do
| CMl[ij]/N
end for
. end for
: # Step 2 - Covariance matrix
: for i =0 to BANDS do
for j = 0 to BANDS do
| VM[ij] = CMlij] — pli] - uls]
end for
. end for
: # Step 3 - Power Iteration Method
<+ 0.1
v+ 0

[
A el

O N NN NN NNNNRE 2 = e e
S O ®W IS U R W®WRN RS © XD O
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31: € < —0.000001
32: for : = 0 to 100 do

33: for j = 0 to BANDS do

34: for £ =0 to BANDS do
35: ‘ v[il+ = VMIij] - z[j]
36: end for

37 end for

38: etval < 0

39: for i = 0 to BANDS do

40: | ewval+ = xli] xvli]

41: end for

42: if (eival; — eival;_1) < epsilon then
43: ‘ break

44: end if

45: end for

46: # Step 4 - Projection
47: for i = 0 to N do

48: for j =0 to PCA_BANDS do

49: for £ =0 to BANDS do

50: ‘ PCA[ijl+ = (X[ik] — plk]) - z[k]
51: end for

52: end for

53: end for

3.3.2 Results

Algorithm Resource Utilization

The resource consumption of the final implementation of the PCA is presented below. As
can be seen in Table 3.3, one of the most remarkable points is that the RAM memory
consumption in the PCA has been reduced by 52.95% mainly due to the elimination of
the matrices and vectors that were used to calculate all the eigenvectors and eigenvalues.
Concerning the rest of the resources, an increase can be seen in all of them, is remarkable the
consumption of ALUTs has grown by 93.23%, or the FFs by 31.49%. However, the overall
consumption of the kernel is still quite optimal, since all the consumption percentages are
below 10% of the total capacity of the FPGA, thus leaving space for the SVM and KNN

algorithms.
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ALUTs FFs RAMs MLABSs DSPs
Static Partition 466792 (25%) | 928428 (25%) | 3039 (26%) | 0 (0%) | 1291 (22%)
Kernel System 131944 (7%) | 136162 (4%) 378 (3%) 1989 (1%) | 139 (2%)
Global Interconnect 2012 2253 121 0 0
PCA - Q 129930 (7%) | 133838 (4%) 255 (2%) 989 (1%) | 139 (2%)

Table 3.3: FPGA’s area estimates of PCA final implementation.

Looking at the data structures used (see Table 3.4), the absence of the centered image
reduces the input and output of data through buffer accessors to the host shared mem-
ory. This reduces latency considerably, limiting 1/O operations to the input image and the
PCA result respectively. It can also be seen that the original and sorted matrices where
the eigenvectors were stored disappear since there is now only one eigenvector. The same
happens with the eigenvalue, which has changed from being a vector of eigenvalues to a

single variable.

Buffer Dimensions Type Size of data Type | Total Size
Image Data (X) n x p= 28,061,696 | Float 4 Bytes 107 MB
Mean Vector (m) n =128 Double 8 Bytes 1 MB
Correlation Matrix (CM) nxn=16,384 | Double 8 Bytes 128 KB
Covariance Matrix (A) nxn=16,384 | Double 8 Bytes 128 KB
Dominant Eigenvector (z) n =128 Double 8 Bytes 1 MB
Dominant Eigenvalue () 1 Double 8 Bytes 8B
PCA Output (7) p xb=219,232 | Double 8 Bytes 1.67 MB

Table 3.4: Size of PCA’s final implementation data according to PB1C1 image.

Performance Analysis

The final implementation of principal component analysis (PCA) has demonstrated a signifi-
cant improvement in performance and efficiency compared to the base implementation. The
clock frequency increases from the previous 249 MHz to almost 300 MHz, while maintaining
quite good loop II values. The loops with the highest II such as the image centering loop
and the transpose loop have been eliminated thanks to the new algorithm logic, while the
projection loop remains as the loop with the highest II with a value of 5. This optimization

has been achieved by reducing latency in memory accesses through buffer accessors.
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Concerning execution cycles, the kernel shows a total of 2187 cycles of latency, showing
an improvement of approximately 48.2% over the 4230 cycles of the base optimization.
Finally, for the execution time of the final implementation, he obtained a result of 2530
milliseconds using the PB1C1 image. The speedup compared to the 93800 milliseconds of
the base implementation is therefore 37.07 times.
Toa 93800

Saenc :__—:37707
latency = T 2530
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Chapter 4: SVM

4.1 The SVM Algorithm

Support Vector Machine (SVM) is a supervised machine learning algorithm primarily used
for classification tasks, although it can also be used for regression. The fundamental concept
behind SVM is to find a hyperplane that best separates the data points of different classes.
The objective is to maximize the margin, the distance between the hyperplane, and the
nearest data points from each class, known as support vectors.

The SVM algorithm is used for many reasons, from binary classifying or multiple class
classifying to irregularity detection. In this case, it will be used for binary classifying within
a matrix and detecting an anomaly within it. This SVM is only a part of a full anomaly-
detecting algorithm, so the main target will be to generate only an output of the binary
classifiers ordered.

To define the algorithm’s process and target, first, we have to decide in which groups
are the objects going to be classified. Say that in this case, we have two groups, positive
(represented by 1) and negative (represented by -1). The classifying algorithm decides to
which group the object belongs. For that, first, we need to draw all the points defined
on a plane. The SVM task is to calculate the classification function [38]. If all points are

separable, then:

w-x; —bx1, ify, =1,

w-r;—bx -1, ify,=-1, i=1,...,1

This classification function separates all the objects into two parts with a hyperplane,

as we can see in the Figure 4.1.
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Figure 4.1: Example of a hyperplane [38].

The main aim of this classification in this SVM context is to isolate the anomaly with a
hyperplane, maximizing the margin between the two parts of the plane. Figure 4.2 shows
how an SVM nonlinear classification separates the anomaly from all other objects. The
plane does not find how to separate all the points, it just finds the plane where the distance
is maximized. As can be seen in the image, there is a red triangle within the hyperplane,

but the only way to maximize the distance is to include it within the circle.

o
A
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|
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Figure 4.2: Nonlinear SVM classification of survey response [58].

For implementing this SVM algorithm, the process is going to be divided into four parts.

First, it handles binary classification by finding an optimal hyperplane to separate two
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classes. Then, it estimates class probabilities by converting decision values using a sigmoid
function, refining these probabilities across classes. In decision-making, SVM selects the
class with the highest probability as the predicted label. Finally, it orders these probabilities
according to class labels, allowing for organized and interpretable output, which is crucial

for further analysis or decision-making.

Binary Classification

In SVM, binary classification is the foundation. The goal is to find the optimal hyper-
plane that separates two distinct classes in a feature space. Given a set of training data
{(x4,y) }1y, where x; € R where d is the dimensionality (for example, if d is 2 would be
2D and with 3 would be 3D), represents the feature vector and y; € {—1,1} represents the
class label, the SVM seeks a hyperplane defined by W-X +b = 0 that maximizes the margin
between the two classes. W represents the weight vector, X represents a feature vector in
the input space, and b is the bias. The margin is the distance between the hyperplane and
the nearest data point from either class.

The optimization problem for finding the hyperplane is:
1
min = || W||?
uin 5]

subject to the constraints:

yi(W - T +b)>1 foralli

This problem can be solved using Lagrange multipliers. Lagrange multipliers are a
mathematical technique used in optimization problems to find the maximum or minimum

of a function subject to constraints. It leads to the dual formulation:

n 1 n n
i=1

i=1 j=1
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subject to:

0<a;<C and Zaiyizo

i=1
Here, a; are Lagrange multipliers, and C' is a regularization parameter. The support
vectors are the data points for which «; > 0. The first term is the summation of the

Lagrange multipliers and the second involves the inner product of the feature vectors.

1. Probability Estimation:

SVMs traditionally provide a hard classification decision, not probabilities. To esti-
mate probabilities, a common approach is to fit a sigmoid function [59] (a mathematical
formula that maps any real value to a range between 0 and 1) to the decision values
f(x) =w-x+b. This function takes the form:

1
ol = 1) = T carees

The parameters A and B are estimated using maximum likelihood estimation on a val-
idation set, where f(x) is the SVM decision value. This probability estimation allows
for a probabilistic interpretation of the SVM’s output, which is particularly useful in
multi-class classification. This provides a probabilistic measure of the classification
outcome, which can be useful for understanding the confidence of the prediction and

for tasks requiring probability estimates.

2. Decision Making:

In multi-class classification, SVM uses a one-vs-one or one-vs-all approach. In the
one-vs-one approach, a binary classifier is trained for each pair of classes, resulting
in W classifiers for C classes. The decision-making process involves combining
the outputs of these binary classifiers. Typically, a voting scheme is used, where each
classifier votes for one class, and the class with the most votes is chosen as the final
decision. Alternatively, in a probabilistic setting, the class with the highest probability

estimate (from the sigmoid function) is selected.
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In the one-vs-all approach, a classifier is trained for each class against all others. The

class with the highest decision value is selected as the predicted class.

3. Result Ordering:

After computing the probabilities for each class, the results are ordered according to
class labels. This involves storing the probability estimates in a structured manner, of-
ten in a matrix form where each row corresponds to an input sample, and each column
corresponds to a class. The ordering ensures that the results are easily interpretable
and can be used for further decision-making processes, such as ranking, thresholding,
or calculating confidence intervals. The structured output is essential for tasks like
ensemble learning or hierarchical classification, where multiple classifiers’ outputs need

to be combined.

4.2 Base Implementation

In this section, it will be explained how the base code (Algorithm 3) separates the SVM
algorithm and the complexity of each part of the algorithm. The SVM used in this work will
calculate the decision values with probability estimation, will take the decision, and finally
sort the result. All the implemented parts are a modification of the SVM explained in the
previous sections with computational adaptations. The images will be two-dimensional, so
they can be represented as a matrix.

There can be modifications between the previous mathematical explanation and this
exact implementation, to let the code use the algorithm for this specific context. The
code is a C language adapted version of the SVM algorithm. It will be split into four
parts, as explained in the previous section. The base algorithm will gather the first three:
binary classification, probability estimation and decision-making. The result will be ordered
within the main kernel but after the main part. PB1C1 image will be used to analyze the

performance in all the SVM sections below.

Algorithm 3 Support Vector Machine - SVM, Base Implementation
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Output: SVM
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p<+0

: # General for loop
: for p=0to N do

classifier < 0
for b=0 to C do
fork=b+1to C do

suml < 0.0

for j =0to B do

‘ suml += IMAGE|[q x B + j| * W|clasi ficador x B + j]
end for

dec_values|classifier] = suml — p[p]

0 raps|0] = dec_values|clasi ficador] x probA[p] + probB]p]
if O’prB[O] Z 0.0 then

exp(—osapp[0)])
‘ U[O] A (1.0+6(Dp(—0';ApB[0]))
else

‘ o[0] «
end if

if o[0] < min_prob then
| o[0] <= min_prob
end if

if ¢[0] > maz_prob then
| o[0] <= max_prob
end if

1.0
(1.04exp(ofaprl0]))

Plb« C + k| = o[0]
Plk+«C+b] =1—0[0]
p<—p+1
p < classifier + 1
end for
end for
p<+ 0

for b=0to C' do
prob_estimates[b] = 1.0/C
Qb x C+b =0.0

for j =0tobdo

Qb x C+bl +=P[j x C+b] x P[j x C+1]
Qb x C+jl=—P[j x C+b] x Plbx C +j]

end for
for j=b+1toC do

Qb x C+bl+=P[j x C+b] x P[j x C+1]
Qb x C+b=—P[j x C+b] x P[jxC+b)
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42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:
99:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:

75:
76:
7T
78:
79:
80:
81:
82:
83:

‘ end for
end for
iterations < 0
stop <0

while stop = 0 do

pQp <0

for b=0to C' do

Q] « 0

for j =0to C do

| Qplbl+ = Qb x C + j] x prob_estimates|j]
end for

pQpl0]+ = prob_estimates[b] x Q,[b]
end for

max.rror < 0.0

for b =0to C' do

mazrrorgur = Q0] — pQpl0]

if max_error _aux < 0.0 then

\ MaxT_error _aur = —Maxrrorul
end if

if max.rror,ur > max.rror then

‘ max__error|0] = max_error_aux
end if

end for

if max_error[0] < e then

‘ stop =1

end if

if stop = 0 then

for b=0to C' do

diff_pQp = S
prob_estimates[b] = prob__estimates[b] + dif f _pQp

Qp = (PQp+pQpais§ X (PQpdis s X QDX C+b]+2XQp[b]))
Plep = (14+pQpaify)

pQp
pRp (14+pQpais )

for j =0to C do
@Qpli] = (Qpls] + pQpaiss x Qb x C + j]) /(1 + pQpaisy)
prob__estimates[j| = prob_estimates[j]/(1 + pQpaisr)

end for

end for

end if

tterations < iterations + 1

if iterations = 100 then
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84: ‘ stop =1

85: end if

86: end while

87: for b=0to C' do

88: | prob_estimates_result|q « C 4 b] = prob_estimates[b]
89: end for

90: decision < 0

91: for b=1to C do

92: if prob_estimates[b] > prob_estimates|decision| then
93: decision = b

94: end if

95: end for

96: end for

4.2.1 Algorithm Complexity

This algorithm is mostly within a for loop, which goes through all the pixels. All initial
three parts will be in that loop, and the fourth one (sorting) will not be within it.

From line 5 to line 29 in Algorithm 3, the algorithm starts to calculate the decision
values and calculates the sigmoid prediction for each point.

The decision value suml is calculated by summing the product of the input features
(imageln) and the corresponding weights () over numberOfBands bands. This sum is a
linear combination representing the decision boundary between two classes. The decision
value (suml) is adjusted by subtracting a bias term (p), which accounts for the offset in
the linear decision function. This adjusted value is stored in decValues|classification|. The
adjusted decision value is then used to compute the argument for the sigmoid function.
This is done by multiplying the decision value by ProbA[p| and adding ProbB[p|. These
coefficients (probA and probB) are parameters that help in adjusting the o function to
better fit the data.

The o function is then applied to cFApB and cFApA to obtain a probability. The o

function is given by:
1

- l1+e=®

o(x)

After this, the probability is then clipped to be within the range [minProb, maxProb| to
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prevent it from being too close to 0 or 1, which might cause issues in later stages of processing.
The total mathematical complexity of this section is O(C? x B). In the next loop (from line
31 to 38) the Algorithm 3 updates the diagonal elements by summing the squared pairwise
probabilities for each class b. The mathematical complexity for this part would be O(C?).

The third loop goes from line 41 to 78. This loop calculates an intermediate value of pQp
and a temporary matrix multiProbQp based on the currently calculated probability esti-
mates, then, computes the maximum error between multiProbQp and pQp and stops if the
maximum error is below the epsilon threshold. After that, updates the probability estimates
matrix. To avoid infinite loops, the number of iterations is limited to 100. The complexity
of the loop would be O(C?). After this loop, an index mapping sort is implemented to sort
the answer, with a complexity of O(N x C). All these loops are gathered inside the main
loop, with a O(N) mathematical complexity. To conclude, the full algorithm complexity
will be the one of the outer loop multiplied by the complexity within that loop.

O(N x (C*x B4+ C*+C*)+ (N xC)) = O(N x C* x B)

4.2.2 Algorithm Resource Utilization

Table 4.1 shows some of the utilization values. SVM is supposed to use fewer resources
than PCA, to enable both to be executed in parallel [2]. However, this version uses more

resources than the PCA.

ALUTs FFs RAMs MLABSs DSPs

Static Partition | 466792 (25%) | 928428 (25%) | 3039 (26%) | 0 (0%) | 1291 (22%)

Kernel System 71363 (4%) | 230085 (6%) | 1562 (13%) | 982 (1%) | 52 (<1%)

Global Interconnect 18860 67276 284 0 0

SVM Kernel 52501 (3%) | 162738 (4%) | 1276 (11%) | 982 (1%) | 52 (<1%)

Table 4.1: FPGA’s area estimates of SVM.

The logic units’ high usage can be because of the poor optimization and the low memory
usage (RAM) because most of the algorithm data is stored in the host and accessed through

accessors. All the accessors and memory will be analyzed to see how it is distributed.
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The SVM algorithm uses plenty of data to calculate the result. All this data is obtained
through accessors in this initial code.

The algorithm uses many resources to access the data in Table 4.2, as all of them are
stored in the host and not in the kernel itself. The 21 accessors are in read and write mode,
so they do not only read the data from the host but also need to store it each time they
change it. The size of each variable despite the number of pixels size ones is small enough

to be stored within the FPGA, but they are all stored in the host.

Accessor Dimension.
w(read write) BC x B
dec_values(read _write) BC

o rapp(read _write) 1
o(read write) 1
P(read write) CxC
prob__estimates(read _write) C
Q(read write) CxC
Q)p(read _write) C
pQp(read write) 1
PQpaifr(read _write) 1
max_error(read _write) 1
prob_estimates result(read write) N x C
p(read write) BC
probA(read write) BC
probB(read _write) BC
label(read _write) C
prob_estimates result ordered(read write) | N x C
image _in(read write) N x B
aux(read write) 1
acc_aux2(read write) 1
e(read write) 1

e BC = Binary Classifiers, B = Bands, N = Number of Pixels, C = Number of Classes

Table 4.2: SVM accessors and size.
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4.2.3 Performance Analysis

The schedule viewer shows how is the order of the tasks completed by the FPGA [57].
Figure 4.3 shows how is the schedule viewer for the SVM initial algorithm implementation.

The base design has 2450 cycles of latency.

Name From To Source Location 0 2048 4096 6144 8192 10240 12288 14336 16384
~ ‘lambda’'() o 15362
> const_lambda.BO o 10 ]
> const_lambda.B2 10 25 N
> const_lambda.B4 25 36 t
> const_lambda.BS 36 49 - +
> const_lambda.B6 49 745 -
> const_lambda.B7 745 3534 - —
> const_lambdaB8 3534 3542 - +
const_lambdaB3 3542 3542 - +
> const_lambdaBll 3542 3781 - N
> const_lambda.B12 3781 5389 - —
const_lambdaBI3 5389 5390 - +
> const_lambda.B14 5390 7002 - —
const_lambdaB9 7002 7003 +
const_lambdaBIO 7003 7003 +
> const_lambdaB16 7003 7013 4
> const_lambda.BI7 7013 7140 +
> const_lambdaBI8 7140 7950 - -
> const_lambda.B19 7950 8758 - -
> const_lambda.B20 8758 8764 - 4
> const_lambda.B21 8764 9579 - )
> const_lambdaB22 9579 9595 - N
> const_lambda.B23 9595 12057 - =
> const_lambdaB24 12057 13719 - —
const_lambdaB25 13719 13720 '
> const_lambda.B26 13720 13725 4
const_lambdaBI5 13725 13725 '
> const_lambdaB27 13725 14531 - -
> const_lambda.B28 14531 14539 ]
> const_lambdaBl 14539 14548 4
> const_lambda.B29 14548 14553 ]
> const_lambda.B30 14553 15362 - -
const_lambdaB31 15362 15362 - +

Figure 4.3: Base SVM schedule viewer.

This first implementation of the SVM algorithm takes 68643 milliseconds (ms) to exe-
cute on average, which seems an excessive time for this type of algorithm. Plenty of imple-
mentation and optimization mistakes need to be corrected to bring the FPGA execution to

a better version.

4.3 Final Implementation

Optimizing SVM algorithms for FPGA implementation represents a significant advance-
ment in accelerating machine learning tasks. FPGAs offer a unique blend of flexibility and
performance, making them ideal for enhancing the computational efficiency of SVMs, par-

ticularly in real-time and resource-constrained environments. The inherent parallelism of
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FPGA architecture allows for simultaneous processing of multiple data streams, dramati-
cally reducing the time required for training and inference.

This improvement focuses on tailoring the SVM algorithm to leverage FPGA’s par-
allel processing capabilities, optimizing data flow, and minimizing latency. By carefully
designing the computational pipelines and memory access patterns, the enhanced SVM
implementation on FPGA achieves substantial speed-ups compared to traditional CPU or
GPU implementations. This results in faster classification times and lower energy consump-
tion, making the optimized SVM highly suitable for embedded systems, loT devices, and
real-time applications where power efficiency and performance are critical.

Many parts of the code shown in the previous part have been improved and many others
remain unchanged. The result-oriented research of improvements has shown that some
apparent inefficient parts are more efficient than initially appeared. Every movement and
change has been tested to see how the result changes and all changes that slow down the
algorithm have been deleted. The pseudocode of the final implementation of the SVM can
be found below (see Algorithm 4):

Algorithm 4 Support Vector Machine - SVM, Final Implementation
Output: SVM

1: # General for loop

2: for p=0to N do

3: p<+0

4: classifier <0

5: for b =0 to C' do

6: for k=0+1to C do

7: suml < 0.0

8: for j =0to B do

9: ‘ suml += IMAGElq x B + j| * W]clasi ficador x B + j]
10: end for
11: dec_values|classifier] = sum1 — p[p]
12: 0 rape|0] = dec_values|clasificador] x probA[p] + probB]p]
13: if O'prB[O] > 0.0 then
e ol e
15: else
16: | 0 vt aaom
17: end if
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18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
59:
56:
o7:
58:
59:
60:

Plb+ C + k] = o[0]
Plk*C +1b) =1— o]

p<—p+1

p < classifier + 1

end for

end for

p<+0

for b=0to C do

prob_estimates[b] = 1.0/C

Qb x C+b=0.0

for j =0to C do

if j > b then

sum +<— P[j x C'+b] x P[j x C + b]

Qb x C+j]l« —P[j x C+b] x PlbxC+j]
else

sum +<— P[j x C'+b] x P[j x C +b]
Qb x C+bl+ —P[j x C+b] x P[j xC+Db
end if

end for

end for

iterations < 0

stop < 0

while stop = 0 do

pQp <0

for b =0to C' do

Qyft] 0

for j =0to C do

| Qb+ = Q[b x C + j] x prob_estimatesj]
end for

p@Qp[0]+ = prob_estimates[b] x @Q,[b]
end for

maz.rror < 0.0

for b=0to C' do

mazerroraur = Qpb] — pQpl0]

if max_error _auzr < 0.0 then

\ Max_error _aur = —mMmaxerroraut
end if

if maz.rroryur > max.rror then

‘ max_error[0] = max_error_aux
end if

end for
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61:
62:
63:
64:
65:
66:
67:
68:
69:

70:
71:
72:
73:
74:
75:
76:
7T
78:
79:
80:
81:
82:
83:
84:
85:
86:
87:
88:
89:
90:
91:
92:
93:
94:
95:
96:

if max_error[0] < € then

‘ stop =1

end if

if stop = 0 then

for b =0to C do

dif f_pQp = T

prob__estimates[b] = prob_estimates[b] + dif f _pQp

Qp = (PQP+PQpaisr X (PQPaiy s X QbX C+b]+2xQp[b]))
PP o (14+pQpaisys)

pQp
pr < (1+pQpaiff)

for j =0to C' do
Qplil = (Qplj] + pQpaiss x Qb x C + j])/(1 + pQpaisy)
prob_estimates[j| = prob_estimates[j]/(1 + pQpairs)
end for
end for
end if
wterations < tterations + 1
if iterations = 100 then
‘ stop =1
end if
end while
for b=0to C' do
| prob_estimates_result|q x C 4 b] = prob_estimates[b]
end for
decision < 0
for b=1to C' do
if prob_estimates[b] > prob__estimates|decision| then
‘ decision = b
end if
end for
for b=0to C' do
position < label[b] — 1
resultq * C + position] = prob__estimates|b|
end for

end for
return prob_estimates
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4.3.1 Improvements

There are six versions of the SVM algorithm. Each one includes changes that improve the
execution time or resource utilization. In this case, as SVM does not use many resources,
all changes improve the kernel execution time. There are six versions of the algorithm: from
vl (base algorithm) to v6 (last version).

The second version (v2) is the version with the highest speedup. It solves the accessor
problem explained in previous versions. The vl code has many read and write accessors

that do not let the FPGA compute smoothly. These are the remaining accessors:

Accessor Dimension
w(read) BC x B
prob__estimates _result(read) N xC
p(read) BC
probA(read) BC
probB(read) BC
label(read) C
prob__estimates _result _ordered(read write) | N x C
image_in(read) N x B
e(read) 1

Table 4.3: SVM accessors and size.

All the remaining ones are only read accessors, despite the result accessor, which needs
to be read and written. As it is the result, the FPGA only writes, but it is read too for the
correct behavior of DPC++.

With this change, the FPGA does not need to be reading and writing for all the variables
but it only reads the input arrays, matrixes, and variables, and stores them if there is enough
space within the RAM.

The resulting execution time with this improvement is 6579 milliseconds on average,
which is 10.42 times faster.

The v3 implementation tries to use the “pragma omp parallel for reduction” statement
for parallelizing the for loops within the while loop, but the result is not as good as it seems

to be. The performance is reduced and now the execution time is 6798 milliseconds on
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average. All these changes are deleted to return to the v2 version as the performance is
quite better.

v4 improves the for loop between lines 50 and 58 in Algorithm 4 and between lines 32
and 43 in Algorithm 3. It replaces the two for loops within the main for in these lines with
just one loop and two conditional statements. That leads to a 6469 milliseconds execution,
which is a 10.61 times better than v1.

The changes on v5 delete another two accessors from the list. € is declared within the ker-
nel, so there is no need to access the host as it is a constant value, and “prob _estimates result®
is deleted because “prob estimates result ordered” is going to be the only output. This
makes the execution time even lower, leading to a 5721 milliseconds execution time, which

is 11.99 times better than vl. The new accessor list can be seen in Section 4.3.1.

Accessor Dimension
w(read) BC x B
p(read) BC
probA(read) BC
probB(read) BC
label(read) C
prob_estimates _result _ordered(read write) | N x C
image_in(read) N x B

Table 4.4: SVM accessors and size.

The last functional version is v6. It restructures the sorting part of the SVM (last step).
In this new version, the sorting is included within the main loop and not outside, which
reduces the mathematical complexity of the sorting in C, as it uses the main for loops. With
this change, v6 is executed in 5662 milliseconds.

From the initial version to the last one, there is a 12.12 speedup. Changes in the code
have substantially improved the performance of the code. The following table shows all the

explained changes and results:
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Version | Execution Time (ms) | Speedup
vl 68643 1.00
v2 6579 10.43
v3 6798 10.10
v4 6469 10.61
VO o721 11.99
v6 2662 12.12

Table 4.5: Execution time and speedup across versions.

4.3.2 Results

Algorithm Resource Utilization

In the initial implementation of the SVM algorithm code, there is a very low use of the FPGA

resources. This algorithm should use fewer resources than the PCA or KNN algorithms,

anyway, the usage is still low. Table 4.6 shows some of the utilization values.

ALUTs FFs RAMs MLABs DSPs
Static Partition 466792 (25%) | 928428 (25%) | 3039 (26%) 0 (0%) 1291 (22%)
Kernel System 51277 (3%) 95909 (3%) 462 (4%) | 461 (<1%) | 79.5 (1%)
Global Interconnect 2030 3524 121 0 0
SVM Kernel 49245 (3%) 92314 (2%) 339 (3%) | 461 (<1%) | 79.5 (1%)

Table 4.6: FPGA’s area estimates of SVM.

Comparing this table with the previous one (Table 4.1), can be seen how the use of

resources has decreased. The kernel storing of the variables has mainly improved these

statistics. The FPGA had enough logic units and storage, but this can make it easier to

later use the SVM in parallel with other algorithms that require more storage.

Performance Analysis

The performance has been improved too. The next graph shows how the cycle delay is much

lower than the one in Figure 4.3. The latency in Figure 4.3 was 15362 cycles and in the

final version shown in Figure 4.4 is 1450 cycles. Now the improved parts such as the host

data accessing processes (Figure 4.4 B5) are much less significant.
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Name
~ 'lambda'()
> const_lambda.BO
> const_lambda.B1
> const_lambda.B3
> const_lambda.B4
> const_lambda.B5
> const_lambda.B6&
> const_lambda.B7
const_lambda.B2
> const_lambda.B9
> const_lambda.B11
> const_lambda.B10
> const_lambda.B8
> const_lambda.B12
> const_lambda.B14
> const_lambda.B15
> const_lambda.B16
const_lambda.B13
> const_lambda.B17
> const_lambda.B18
> const_lambda.B19
> const_lambda.B20
const_lambda.B21
> const_lambda.B22
> const_lambda.B23
> const_lambda.B24
> const_lambda.B25
const_lambda.B26

From

23
32
5]
734
1558
1565
1565
1579
1594
1601
1607
1614
1625
1637
647
1647
1661
1669
1736
1751
1752
1758
1764
2444
2450

To
2450

23
32
5
734
1558
1565
1565
1579
1594
1601
1607
1614
1625
1637
1647
1647
1661
1669
1736
1751
1752
1758
1764
2444
2450
2450

Source Location

0 256 512 768 1024 1280 1536 1792 2048 2304 256(

Figure 4.4: Final SVM schedule viewer.
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Chapter 5: KNN

5.1 KNN Algorithm

K-Nearest Neighbors (KNN) is a lazy non-parametric supervised learning algorithm used
for classification and regression [60]. The algorithm is lazy in the sense that it does not
perform any training and delegates all computation to prediction [61]. It is non-parametric,
since no assumption is made about the function of the KNN. Finally, it is considered a
discriminative model because it models the conditional probability of a sample belonging to
a given class [61].

One of the main purposes of the KNN Algorithm is the computer vision and pattern
recognition, key aspects in the medical analysis of Hyperspectral Images [61]. Based on
the initial thoughts of Evelyn Fix & Joseph Hodges [62], is used to estimate the density
function F'(x/Cj) of the predictors x for each class C;. The output is the class based on
the probability that an element x belongs to the class C; [63|. In this hyperspectral image
classification, the classes are labeled by the SVM algorithm (Chapter 4). The focus of the
algorithm is to find the K pixels with the smallest distance from the reference pixel within
a local area, defined by the Window Size (W) and each pixel has a specific value obtained
from the PCA step.

Formal definition of the algorithm

Let D = (vy, P1), (va, Ps), ..., (vn, B,)) be a labeled dataset, where each v; € R? is a data
point in a z-dimensional feature space. The feature space has z = 3 because each data point

v; is defined as v; = (PC'A;, 14, ¢;), a vector consisting of:
e PCA;: The PCA value of the i-th data point.
e 7;: The row index in the original matrix.
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e ¢;: The column index in the original matrix.

P, = (pi1, pi2, ---, i) represents the SVM derived classification probabilities for each of
the t classes.
Given a query point v, = (PCA,, 1y, ¢,) the KNN algorithm within a local zone defined

by a window size W proceeds as follows:

1. Define the Local Window: Identify the local zone around the query point v, based
on the window size W, where left and right parts of W are denoted as SW, being SW
the half of the size of W. The local zone Ly (v,) is a subset of D including all data

points within the window:
Ly (vg) = {vi € D|(rcg — SW < re; <re,+ SW)}
The local zone includes all points within a square region centered at rc, or (r4,¢,), in

which the bounds of the distance calculations from the query point are defined by W.
2. Distance Calculation: Compute the Squared Euclidean distance between the query
point v, and each data point v; in the local zone Ly (v,):

d(vg, vi) = (vg — Ui)Q = (PCA; — PCA)? + (rg —13)" + (g — )

The main reason for calculating the Squared Euclidean distance, omitting the square
root, is that in the algorithm the focus is on comparing distances to one another.
The numerical value itself is not necessary, but the order is, therefore omitting the

calculation of the square root gives the same result [64].

3. Identification of the k Nearest Neighbors: From the local zone Ly (v,), select k

nearest neighbors based on the computed Euclidean distances:

N (v,) = the k data points in Ly (v,) with the smallest distances d(v,, v;)
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4. Vote Using SVM Probabilities: For each class j € 1,2, ..., ¢, compute the weighted
sum of SVM probabilities over the k nearest neighbors and normalize by dividing by

the k value to obtain the average probability of each class:

Where p;; is the probability that the i-th nearest neighbor belongs to the class j.

5. Class Assignment: Assign the class label g, to the query point v, based on the class

with the maximum average probability

Uy =arg max S,
je{1,2,...,t}

5.2 Base Implementation

The implementation of the original source code consists of three main phases: initialization
of the feature matrix, the search of the K neighbors in a local window, and finally the
calculation of the average probabilities. The pseudocode where the mentioned steps are
implemented can be found below (see Algorithm 5). One of the key aspects is the sliding
window, since at the top and bottom of the image it has variable limits that define the
region where the distances from the query pixel are calculated. The operation of the sliding

window can be seen below:

Example: Window boundaries and distance calculation

The explanation of the mechanism of the window on which the distances are calculated for
the query pixel can be seen in the Figures 5.1 to 5.3.

At the beginning of the KNN (see Figure 5.1), the query pixels are at the top of the
PCA band, having the problem that the window could not be extended on the left side until

reaching a particular pixel, so the maximum capacity of the window W', at the beginning, is
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SW  in other words, half of W. The right side of the window is increased for each iteration
that proceeds in the calculation of the K-neighbors of the reference pixel, this window W' is
increased until reaching the maximum window size W. Summarizing, only the upper limit
Wup is increased, keeping constant the lower limit Wj,; of the window, or left and right
side respectively. This causes that the number of iterations to find the K-neighbors in the

distance vector D to vary, as seen in line 28 of the Algorithm 5.

0|1 (2(3]4 Of1(2|3]|4 Ol1}12|3]|4
2167|1819 216|789 5167|1819
1011|1213 (14 || Weup++ [§ 10} 11|12 [ 13 |14 || Weup ++ |4 10| 11]12 |13 | 14
1516 (171819 15116 (17 (18|19 1516 |17 (18|19
20121(22]23 |24 201211222324 201211222324
25126272829 25126272829 25126272829

Figure 5.1: Top window.

As soon as the maximum window size is reached, meaning that both the left and right
sides summation up to the size W, it remains constant. For each iteration of the assignment
of the K-neighbors to the pixel ¢, both W;,,; and W, are increased (see Figure 5.2). This
denotes a region, which makes up a large part of the image, with a constant window size, not
having the problem of the variable width of the top window, and as discussed below, of the
bottom window. In summary, this region of the image is key to achieve further optimization

to reduce the execution time of the algorithm.
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011123 ]|4 011123 |4 011123 |4
516171819 546171819 5164171819
1011|1213 |14t Weup++ (110 [ 11 [ 12 [ 13 | 14 }| Wsup ++ [} 10| 11| 12| 13 | 14
15116 |17 |18 | 19} Wing ++ [115 |16 | 17 | 18 | 19 4| Wing ++ |1 15|16 | 17| 18 | 19
2012112212324 20121122123 |24 2012112223 |24
25126272829 251261272829 251261272829

Figure 5.2: Constant size window.

Finally, near the end of the matrix processing (see Figure 5.3), the same situation arises
as in the top window, but this time reversed. As the query pixel approaches to the end,
the window size W decreases, until it reaches the last value where W' has the value of SW.
This is achieved by keeping the Wy, fixed and increasing W;,; at each iteration, causing

W' = Weup — Wing to become smaller and smaller.

011234 011234 011234
516171819 1617|1819 1617|1819
1011 (12|13 |14 1011 (12|13 |14 1011 (12|13 |14
15116 | 17118 |19} Wing ++ || 15|16 | 17| 18 } 19 }| Wing ++ || 15|16 | 17| 18 | 19
20121122123 |24 20121122123 |24 20121122123 |24
25(26 | 27]28 |29 2526|2728 |29 251262728 (29

Figure 5.3: Bottom window.

5.2.1 Algorithm Complexity

The Algorithm 5, mainly divided into three main sections that traverse all pixels can break

down the complexity around the main loops as follows.
The first part, the initialization of the Feature matrix initialization has two nested

loops with a total number of iterations of LINES x SAMPLES, equivalent to the number of

pixels N. The total mathematical complexity of this part is:
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O(LINES x SAMPLES) = O(N)

Following the previous step is the Searching step unified, in charge of finding the K
neighbors for each pixel. This section iterates for every pixel, where the loop performs the
calculation of the distances within the window, then performs the search of the K-neighbors
in the calculated distances, and finally stores the K-neighbors in the KNN matrix. All these
steps are performed inside the loop that runs through each pixel, resulting in the following
complexities: Calculate the distances is O(W), Search the KNN is O(K x W) and Store the
KNN is O(K). As these sections of the code are at the same nesting level, the complexity

of this section would be as follows:

ON x (K xW+K))=0(N x K xW)

Finally, in the Filtering step, there are two loops at the first level, both traverse the N
pixels. The first one also runs through the classes, with a total of N x C' iterations. The
other one has a higher complexity since, besides traversing the classes, it goes through the
K-neighbors, resulting in N x C' x K iterations, finally at the same nesting level as the
one that traverses the classes, it performs a loop of C' — 1 iterations for the search of the

maximum probability. The complexity of this part of the algorithm results in:

O(NxC)+ (Nx(CxK+(C—-1))=0(N xC x K)

Joining the three parts of the code, considering that C' < K < W < N, would result in

an algorithm of the following complexity:

OIN+(NxKxW)+(NxCxK))=0O(NxKxW)

Below is the pseudocode (see Algorithm 5), as explained in the previous sections.
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Algorithm 5 K Nearest Neighbors - KNN, Base Implementation

Input: PCA,SVM
Output: label map

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:

1
2
3
4
5:
6
7
8
9

7## Initialize Feature Matrix

cre<+ 0
: knn_Idx <0
: for row = 0 to LINES do > LINES = Height of Image
for col =0 to SAMPLES do > SAMPLES = Width of Image
Vrce] <= {PCA[rc], Arow, Acol, rc} >A=1
rc<—rc+1
end for
: end for
# Searching step unified
SW «+ % > SW = Safe Border of window W
Vme +— 0
Weup < SW
for : =0 to N do > N = LINES x SAMPLES

for j = Wi,y to Wy, do
| D[j — Wing] < {d(V;, V;), V[j].rc}

end for

W« Wsup — Wiy

N (k) < [0,0,...0] > N (k) = k-Neighbors
Nz (k) < 0,0, ...0] > Nowe (k) = Auxiliar Vector of k-Neighbors
man < 0.0;

last _min < 0.0;

for kk =0 to K do

2z 0

Man <— oo

for i =0 to W do

if (Dlit].dist > last_min) && (Dlii].dist < min) && (D]ii].dist # 0) then
if (min = Dii].dist) then
2z 42z +1

Nauwe|22] <= Dlii].re
else

2z 40

min <— Dlit].distance
Nauz|22] = Dlii].re
end if

end if
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39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
59:
56:
o7:
58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:
76:
7T
78:
79:
80:
81:

end for
last _main < min;

for r =0 to 2z do
if (kk +2) > K then
‘ break
end if
Nkk + x] < Nz ]
end for
kk < kk + zz;
end for
# Actualizar los limites de la ventana segtin la posicién de i
if 1 < SW then
| Wiy ¢ Wy + 1
else if (i > SW) && (i < (N — SW)) then
Weup < Woup + 1
Wing ¢ Wing +1
else
| Wing  Wing + 1
end if

for kk =0 to K do
KNN[knn_Idx] « N[kk] + 1
knn_ Idx < knn_Idr +1
end for

end for

7# Filtering

k_rc+0

for i =0to N do
for c=0to C do
| SVMauzle x N 4] = SVM[i x C + ¢
end for

end for

for i =0to N do

for c=0to C do

for z =0 to K do

k<« KNNI[k rc|

k rc«—k rc+1

if £ < N then

‘ SVMuuzlc X N +i] <= SVMuzlc X N +i] + Ple x N + kldzx]
end if
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82: end for

83: SVMuuz[c X N +i] <~ SVMyuzlc X N +i] - KNN
84: k_rc< (k_rc—KNN)

85: end for

86:

87: max_prob < 0

88: for c=1to C do

89: if SVMyy.[c X N 4] > SVMyuz[max__prob+ N + i] then
90: ‘ max_prob < c

91: end if

92: end for

93:

94: label _mapli] < max_prob+ 1

95: k rc<—k re+ K

96: end for

97:

98: return label _map

5.2.2 Algorithm Resource Utilization

In the base implementation of the KNN algorithm, executed with the values of the PCA and

SVM values obtained from PB1C1 image processing, there is a low use of FPGA resources.

As shown in the table 5.1 the system hardly uses the device memory (RAM). This happens

because most of the variables are stored in the host and are accessed through accessors.

ALUTs FFs RAMs MLABs DSPs
Static Partition 466792 (25%) | 928428 (25%) | 3039 (26%) 0 (0%) 1291 (22%)
Kernel System 36297 (2%) 85937 (2%) | 762.1 (T%) | 484 (<1%) | 14.5 (<1%)
Global Interconnect 8596 22830 284 0 0
KNN - Q 27699 (1%) 63036 (2%) | 476.1 (4%) | 484 (<1%) | 14.5 (<1%)

Table 5.1: FPGA’s area estimates of KNN.

For the feature matrix step, a buffer that stores the PCA result and a buffer that holds

the feature matrix (V).

For storing the distances (D) a new buffer is created, as well as

another buffer to store the KNN of each pixel. For the processing of the SVM the following

buffers are created: a buffer for the results obtained in the SVM step, another one to store

the reordered probabilities (P) to ease the processing of the K-neighbors and finally a buffer
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that stores the calculated probabilities (S) on which the class with the maximum probability
is obtained. Finally, another buffer is declared to store the classes of each query pixel (g,),
which is the output of the algorithm.

Based on the PB1C1 image each buffer has the following dimensions: For the first step,
the dimensions of the Feature Matrix (V') and the PCA are the number of pixels (N) in
the image, which is 219, 232. The vector of distances of the query pixel has the size of the
window (W), since for each pixel these are the only distances that will be computed, the
base implementation declares an SW equals 6 x 496, so that W is SW x 2. The KNN vector,
as mentioned, has the number of pixels times the neighbors (K) found, given that the 40
nearest neighbors are searched would result in 40 x 219,232. The vectors of the filtering
step have the following dimensions: the resulting vector of the SVM step is of size C' x N,
which results in 4 x 219, 232. The vector with the reordered probabilities and the vector of
the probability calculation are of the same size. Finally, the output vector of the algorithm,

the label assigned to each pixel, is the size of V.

Buffer Dimensions Type Size of Type | Total Size
Feature Matrix (V) N = 219,232 {Float, 12 Bytes 2.6MB
Short,
Short, Int}
PCA Output N = 219,232 Double 8 Bytes 1.75MB
Feature Distances (D) SW x 2=5,952 | {Float, 8 Bytes 47.62KB
Int}
KNN K x N = 8,769,280 | Int 4 Bytes 35.07MB
SVM Output C x N =2876,928 | Float 4 Bytes 3.5MB
SVM Reordered (P) C' x N =876,928 | Float 4 Bytes 3.5MB
Filtered Probabilities (S) | C x N = 876,928 | Float 4 Bytes 3.5MB
Label Map (V) N = 219,232 Char 1 Bytes | 219.23KB

Table 5.2: DPC++ buffers of base KNN.

As shown in Table 5.2, there is excessive use of buffers and host-to-device transactions
that impacts the KNN execution time, due to I/O transactions. With an algorithm restruc-

turing that reduces memory size, the buffers could be directly in the device memory. In
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this implementation (Algorithm 5) the device memory is used only by A and N, vectors,
storing the K-neighbors found that will later be transferred to the KNN buffer. The FPGA
implements these vectors as kernel memory, as shown in Figure 5.4. Both memories have a

single bank, they lack replicates and private copies.

neighbor

neighbors

Figure 5.4: Kernel memory representation of Ny, (neighbor) and A (neighbors).

The Kernel memory system, according to Intel oneAPI [57|, consists of the following

parts:

e Port: serves as an entry point to access the memory system. It can be linked to one
or more load-store units (LSUs), and each LSU has the potential to connect to several
ports. Access to a memory port can be either stall-free or stallable, depending on

whether it encounters contention during memory operations.
— Stall-free: a memory access is considered stall-free when it can access a memory
port without any contention.
— Stallable: a memory access is stallable when it has access contention to a memory

port.

e Bank: refers to a segment of the memory system that stores a share of the total
data. The entire data for a kernel is distributed over several banks, with each bank

containing a distinct subset of the data.
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e Replicate: is a copy of the data stored within a memory bank. All replicates within
a bank contain identical data; the main advantage is that accesses in each replicate

can be done independently.

e Private Copy: is a duplicate of data from a replicate, created to enable concurrent
execution of iterations in nested loops. The private copies are independent and do not

necessarily contain the same data across different iterations.

In NV and N, all memory accesses are stall-free, in Figure 5.4 these accesses are shown
with the label SHARE. This is because load and store accesses are performed at different
times during execution. The reason for this is that during the search of the neighbors
they are first stored in N,,, and in a different loop, followed by the previous step, the final
neighbors are stored in A/. Trying to make all memory accesses stall-free is vital to eliminate

unnecessary latencies.

5.2.3 Performance Analysis

The schedule viewer display the scheduled cycle and latency of a group of instructions in
the design [57]. The base design has 8791 cycles of latency (Figure 5.5). This is because
Algorithm 5 has redundant loops, which with a code restructuring could be minimized, as
many of them have the same number of iterations, resulting in loop merges, which also could
be reduced by modifying the code [57]. Many current bottlenecks (blue lines in Figure 5.5)
could be eliminated by reducing data dependencies, reducing loop nesting, and using a less

demanding design in Load and Stores transfers between the device and the host.
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From To Source Location o] 512 1024 1536 2048 2560 3072 3584 4096 4608 5120 5632 6144 6656 7168 7680 8192 8704 9216
o 8791 - e | )
o} n -

n 25 -

25 983 - |

983 983 -

983 990

990 1012 -

1012 1990 - I

1990 2002 - []

2002 2010 - []

2010 3633 - s

3633 3643 -

3643 3658

3658 3663

3663 3673

3673 3727 - i

3727 3735

3735 3745

3745 3750 - I

3750 4609 - |

4609 4609 -

4609 4619

4619 4625

4625 4630 - )

4630 6296 -

so0 oo : —_
7150 7150 - ]
7150 8783 -

8783 8791 -

8791 8791 -

Figure 5.5: KNN base schedule.

The analysis of the loops in this version of the KNN shows some inefficiency caused
by the above-mentioned bottlenecks (Figure 5.5). Most of the cycles are due to the large
number of accessors performing Loads and Stores (LS) on the host memory. All LS lead
to stallable memory transactions, further increasing latencies. Continuing this, there are
unnecessary loops and data dependencies:

The Feature Matriz (V') is required for distance ordering step to start, when this process
could be included in the Searching step Unified and thus not have to store the V and
the reload it again. The buffer V' would be eliminated since the feature matrix would not
be needed, since it is only an extra step to calculate the distance, so an improvement would
be to calculate the distance directly.

Moreover, the Filtering process could be directly in the loop of the search of the K-
neighbors search at pixel i, performing only the class assignment of that pixel instead of, as
it is in this version, all pixels. This modification would remove multiple unnecessary buffers,

such as: the KNN matrix, SVM reordered (P) and filtered probabilities (S) (Table 5.2).
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Loop Pipelined | BS II | BE fMax | Latency | SI | MII
Initialize Feature Matrix
for row = 0 to LINES Yes 2 480 14 0 1
for col = 0 to SAMPLES Yes 1 480 958 0 1
Searching step unified
fori=0to N No n/a 480 22 n/al 1
for j = Wi,r to Wy, Yes 1 480 978 n/a| 1
for kk =0to K No n/a 480 8 n/al 1
for it =0to W Yes 1 432 1623 0 1
for r =0 to zz Yes 1 480 15 3 1
for kk =0 to K Yes 1 480 54 0 1
Filtering
fori=0to N Yes 2 480 5 0 1
fori=0to NV Yes 2 480 859 0 1
fori=0to N Yes 2 480 6 0 1
fori=0to N Yes 2 480 6 0 1
for z=0to K Yes 850 480 1666 0 1
forc=1to C Yes 819 480 1633 0 | 819

Table 5.3: Loop analysis of KNN base implementation.

Where BS II: Block Scheduled Initiation Interval, BE fMax: Block Estimated max fre-
quency, SI: Speculated Iterations, MII: Max Interleaving Iterations.

According to the report, there is a decrease in the estimated maximum frequency, from
480 to 432, located in the inner loop of the distance search (line 28 of Algorithm 5). The
main reason for this decrease in the frequency is the dependence of the variables last _min
and man, both of type double.

Another noteworthy information is the Initiation Interval (II) of different loops, the num-
ber of clock cycles between loop iterations [57]. For maximum performance, each iteration
should start at an II of 1 [57]. In the base implementation there are two remarkable cases
of II: the loops of lines 76 and 88 of the Algorithm 5, which have an II of 850 and 819
respectively.

The first implementation of the KNN algorithm takes 279274 milliseconds (ms) to

complete. This implementation has a frequency of 228 MHz.

76



5.3 Final Implementation

Based on the KNN enhancements there are design alternatives for different equipment and
different system requirements. To achieve the design of the final version, a code refactoring

was performed.

5.3.1 Improvements

To begin with, in the initial version three completely separate processes add complexity and
unnecessary latencies, therefore, instead of performing each of the processes for all pixels,
the three processes are performed for each pixel of the image.

The algorithm has considerably improved its speed by taking into account different main

factors:

e Complete algorithm per pixel instead of full step path in the algorithm.
Eliminating unnecessary loops using techniques such as loop fusion or reducing loop
nesting has increased the speed of the algorithm, since a higher pipeline rate per loop
can be achieved, as well as a reduction of data dependencies [57]. The main feature
in its favor is the latter, since eliminating bottlenecks caused by data dependencies
greatly increases parallelism and greatly reduces IlIs, as well as enables the pipelining

of loops.

e Separate sections in use of fixed window and use of variable windows. Mod-
ifying and reducing the use of unnecessary accessors greatly reduces I/O transactions,
and consequently improves timing, especially accessors that with the above modifica-
tion fit perfectly in memory. For example, the KNIN matrix vector is now unnecessary
because only the N vector would be taken, going from a vector of size K x N to size
K. Therefore, this implementation consists of three buffers: PCA, SVM and Label

Map, the only ones that have to perform I/O transactions.

e Separate sections on fixed window usage and variable window usage. One
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of the features of FPGAs is their ability to parallelize, for example using loop unrolls.
Unfortunately with a variable code section such as window limits and consequently
loop iterations, the loop unrolling adds logic that worsens performance. Therefore, an
alternative is to use three kernels, where each one will perform a section of the KNN,
top section (Q TOP, Algorithm 6), fixed section (Q CONST W, Algorithm 8) and
bottom section (Q BOT, Algorithm 7), behavior explained Section 5.2.

As it is shown in the algorithm, the size over which the calculation of the distances
is performed, the window W, is kept constant during all its iterations and can be

unrolled, as desired and according to the available space.

Pre-loading of external data into a local buffer. Due to the high dependencies
of data in external memory, by the input data of the PCA and the SVM, a preload has
been performed before executing the KNN algorithm. This technique may cause prob-
lems with the RAM resources when loading the values obtained from dermatological
images (PD1C1), due to the dimensions of these images. This measure allows creating
a private memory, where unrolls and accesses to the memory values can be performed
without entering stalls during the transactions [57]. This measure is especially useful
since it greatly reduces the latencies caused by the data load as can be seen in the Q

CONST W Figure 5.7, compared to the Q BOT.

Lowering the accuracy, but with great improvement in times. One of the
methods has been to compare the % of accuracy compared to the time achieved, so we
have adjusted values in the section of the code where the greatest complexity is: the
search of the K neighbors: O(K x W) for each pixel and in full would be a complexity
of the order O(N x K x W). Considering, for the PB1C1 image, that the standard
parameters: W is equal to 5952, K is 40 and there are 219,232 pixels, this results in
52.194 billion iterations in the worst case. Therefore, alternative window sizes have
been used, under the logic that in a large window the farthest values lose importance
due to the weight of the distances between row and column. For example: going from

a window size of 5952 to 2976 reduces by about half the time needed to complete the
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algorithm and only about 1.36% of the data are different.

All the implemented improvements are detailed in the pseudocode of Algorithms 6 to 8.

Algorithm 6 K Nearest Neighbors - KNN Top Window, Final Impl.

Input: PCA,SVM
Output: label map

1. SW % > SW = Safe Border of window W

2: ‘/Vznf +~ 0

3: Wsup ~— SW

4: SVM' (W x O)

5. for i = 0 to SW do

6: r; < 1+ SAMPLES

7 ¢; < 1 mod SAMPLES

8: PCA; = PCA[%]

9: | N(k) <+ [0,0,...0] > N (k) = k-Neighbors
10: | Nauz(k) <= [0,0,...0] > Nauz (k) = Auxiliar Vector of k-Neighbors
11: min < 0.0f;

12: last_min < 0.0f;

13: D(W) > D = {dist,rc}
14: JJ < Wing

15: load _Of fset < 0

16: for j =0 to Wg,, do

17: if load Of fset < j then

18: SVM'[j x 4] « SVM][j x 4]

19: SVM'[j x 4 +1] = SVM[j x 4 + 1]

20: SVM'[j x 4+ 2]+~ SVM][j x 4 + 2]

21: SVM'[j x 4+ 3] <~ SVM][j x 4 + 3]

22: load _Of fset <—load _Of fset + 1

23: end if

24: r; < j + SAMPLES

25: ¢; < j mod SAMPLES

26 | | Dlj) e {(PCA; = PCAL)) + (ri = ;) + (e — )" )
27 end for

28: for kk =0 to K do

29: 2z 40

30: min <— oo

31: for it =0 to W do

32: if (Dlit].dist > last_min) && (Dlii].dist < min) && (D]ii].dist # 0) then
33: Nauz|22] < Dlii].re

34: if (min = Dii].dist) then

35: 2z 42z +1
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36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
o7:
58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:
76:
7T

end for

else

zz 4+ 0

min <« Dlit].distance

end if

end if

14— 11+ 1
end for

last _min < min;

for z =0 to zz do
if (kk + ) > K then

break

end if
Nkk + z] < Noyo 2]
end for
kk < kk + zz;

Weup < Weup + 1

P C)<—00f
Plc=0...C) «0.0f
fo rz-OtoKdo
ko < Nz +

k2o <—N[z+1]+1

P, (c=0...0)«+ 0.0f

P, (c=0...0)«+ 0.0f

if k,; < N then
P, (c=0) <—SVM/[I<:21 x C' + 0]
P, (c=1) < SVM k1 x C + 1]
P, (c=...)+ SVM [k x C +..
P, (c=C)+ SVM [k, x C + C]

end i

if ko < N then
P, (c=0) < SVM [k.» x C + 0]
P, (c=1)« SVM [k.o x C + 1]
P, (c=...) + SVM [k x C + ..
P, (c=3) < SVM [k., x C + 3

end i

P/(CZO)<_sz1(020)+sz2(6:0)
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78: (c 1)« Py, (c=1)+Pr,(c=1)
79: (C )<_sz1(0:'~-)+sz2(6:~-)
80: (c: )(—szl(czC)—FszQ(c:C)
81: 24— 242

82: end for

83: | P(C)< P(c=0,...,0)

84: max__prob < 0

85: for c=1to C do

86: if Plc| > Plmax_prob] then

87: ‘ max__prob < c

88: end if

89: ci—c+1

90: end for

91: label _mapli] < max_prob+ 1

92: end for

93: return label map

Algorithm 7 K Nearest Neighbors - KNN Bot Window, Final Impl.

Input: PCA,SVM
Output: label map
1: SW + % > SW = Safe Border of window W
2: I/me +— SW
3: ipor < N —1
4: for i =0 to SW do

5. | ;< (N—1—1i)+ SAMPLES

6: ¢ < (N —1—14) mod SAMPLES

7 PCA; = PCAJi|

8: | N(k)<«[0,0,..0] > N (k) = k-Neighbors
9: | Nau(k) < [0,0,...0] > NMawz (k) = Auxiliar Vector of k-Neighbors
10: min < 0.0f;

11: last_min < 0.0f;

12: D(W) > D = {dist,rc}

13: j] <— Wznf
14: load _Of fset < 0
15: for j =0 to W;,r do

16: r; < (N —1—j)+SAMPLES

17: ¢j < (N —1—j) mod SAMPLES

18: D[j] < {(PCA; = PCA[j])? + (ri — 15)* + (i — ¢)*, j}
19: end for

20:

21: for kk =0 to K do

22: ‘ zz 4+ 0
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23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:
59:
60:
61:
62:
63:
64:

min <— oo
for i =0 to W do
if (Dlit].dist > last_min) && (Dlii].dist < min) && (D

Nauz|22] < Dlii].re
if (min = Dlii].dist) then
2z 4 zz+1
else
2z 40
min <— Dlit].distance
end if
end if
14—+ 1

end for
last _min < min;

for z =0 to 2z do

if (kk + ) > K then
‘ break

end if

Nkk + 2] + Nyue|z]

end for
kk < kk + zz;

end for

PC)eOOf

Ple=
for z

C)« 0.0f
:0t0Kd0
zl<—NH

k:z2<—N[z+1]+1
P, (c=0...C)«0.0f
P, (c=0...C)« 0.0f

if k,; < N then

P, (¢c=0)+ SVM[k.; x C + 0]

P'zl(c =1) + SVM[k,; x C + 1]

le( ) ¢ SVM[k,; x C + ..

P, (c C) < SVM[k,, x C + C]
end 1f

if ko < N then

P, (c=0) <+ SVM[k.» x C + 0]
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65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:
76:
7T
78:
79:
80:
81:
82:
83:
84
85:
86:
87:

end for
P(C) <« P'(c=0,...,C)
max_prob < 0
for c=1to C do
if Plc] > Plmax_prob] then
max__prob < c
end if
c+—c+1
end for

ior < ior — 1
end for
return label _map

¢c=0)« Py, (c=0)+Ps,(c=0)
c=1)« P, (c=1)+Pr,(c=1)
c=...)« P, (c=...)+Pr,(c=...
c=C)« P, (c=C)+Py_,(c=0C)

label _map[N — 1 —i] + max_prob+ 1

Algorithm 8 K Nearest Neighbors - KNN Fixed Window, Final Impl.

Input: PCA,SVM
Output: label map

[ S S Gy ST
TR WD R O

PCA'(N)
SVM' (N x C)
# Pre Load of PCA and SVM
for : =0 to N do
PCA'[i] = PCAJi]
SVM'[i x C] = PCA[i x C|
SVM'[i x C' 4 1] = SVM[i x C + 1]
SVM'[i x C' 4 ..] = SVM[i x C' +..]
SVM'[i x C' + C] = SVM[i x C + C]
11+ 1
: end for
: SW %
: I/me +~0
: Wsup +— SW
. for i = SW to N — SW do

> SW = Safe Border of window W

> N = LINES x SAMPLES



16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
o7:

r; < 1+~ SAMPLES

¢; < 1 mod SAMPLES

PCA; = PCA[i|

N (k) « [0,0,...0] > N (k) = k-Neighbors
Nauz (k) < [0,0, ...0] > Nuwe (k) = Auxiliar Vector of k-Neighbors
min < 0.0f;

last _min < 0.0f;

D(W) > D = {dist,rc}
JJ < Wing

for 12 =0 to W do

Ji i+

rj < jj + SAMPLES

¢; < jj mod SAMPLES

D[ZZ] < {(PCAZ — PCA[jj])2 + (7’@' — Tj)2 + (CZ' — Cj)Q,jj}

Jj < i

14—+ 1

end for

for kk =0 to K do
2z 40
min <— oo
for it =0 to W do
if (Dlit].dist > last_min) && (Dlii].dist < min) && (D]ii].dist # 0) then
Nouz|22] = Dlii].re
if (min = D[ii].dist) then
2z 4 zz+1
else
2240
min < Dlit].distance
end if
end if
14— 11+ 1
end for
last _min < min;

for x =0 to zz do
if (kk + ) > K then
‘ break
end if
Nkk + ] < Nowlz]
end for
kk < kk + zz;

84



58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:
76:
7T
78:
79:
80:
81:
82:
83:
84:
85:
86:
87:
88:
89:
90:
91:
92:
93:
94:
95:
96:
97:
98:
99:

end for

Wsup<_Wsup+1
P(C) « 0.0f
P(c=0...C)« 0.0f

for z =0 to K do

kzl <—N[Z]+1

ko< N[z+1]+1

P, (c=0...C)« 0.0f
P, (c=0...0)« 0.0f

if k.1 < N then

)
I

if ko < N then

end for
P(C) <« P'(c=0,...,C)
max__prob < 0
for c=1to C do
if P[c] > Plmax_prob] then
max__prob < c
end if
c+c+1
end for
label _mapli] < max_prob+ 1
1< 1+1
end for

¢=0) + SVM [k,; x C 4 0]
c=1) < SVM [k, x C +1]
) SVM [k x C +...]
c=C)+ SVM [k x C + C]

= 0) + SVM [ks x C 4 0]
= 1) < SVM [k.p x C + 1]
= ..) ¢ SVM [k x C +...]
= 3) « SVM [k.o x C + 3]
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100: return label _map

5.3.2 Results

Algorithm Resource Utilization

The first implementation of the KNN, has a low use of FPGA resources. The Algorithm 8,

together with Algorithm 6 and Algorithm 7, aims to perform a higher use of FPGA resources,

as seen in Table 5.4.

ALUTs FFs RAMs MLABs DSPs
Static Partition 466792 (25%) | 928428 (25%) | 3039 (26%) 0 (0%) 1291 (22%)
Kernel System 43810 (2%) 87720 (2%) | 7030 (60%) | 952 (1%) 116 (2%)
Global Interconnect 6185 15947 284 0 0
KNN - Q CONST W | 20695 (1%) | 34497 (<1%) | 6527 (56%) | 261 (<1%) 88 (2%)
KNN - Q TOP 9576 (<1%) | 21500 (<1%) | 103 (<1%) | 370 (<1%) | 14 (<1%)
KNN - Q BOT 7352 (<1%) | 15705 (<1%) | 114 (<1%) | 321 (<1%) | 14 (<1%)

Table 5.4: FPGA’s area estimates of Final KINN.

The Table 5.4 shows a large increase, compared to the base implementation (Table 5.1),
mainly in use of RAMs and MLABSs, with an increase of 13.8x in the first case and 1.92x in
the second. On the other hand, the use of DSP block has increased by 8.6x. All increases
exclude the interconnect system, however, interconnects are reduced in the final version,
especially in ALUTs and FFs.

From the memory perspective, the final version uses private memories with the PCA
and SVM, to favor unrolls and accesses during algorithm processing (Figure 5.6). The PCA
has an unroll factor of 12, with 6 replicates using 3072 RAMs, on the other hand it has
an unroll of 2 and has 3328 RAMs. The main aspect is that all accesses have no stall,
improving considerably the accesses for Read and/or Write. Finally, in terms of memory,
the vector that stores and loads the distances of the pixels inside the window with regard
to the query pixel, D. The memory accesses of the vector have stall, in the Figure 5.6 the

ARB that describes this stall.
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Figure 5.6: Unroll x12 of PCA (left image), Unroll x2 of SVM (center image), feat dist (D)
(right image).

The difference between the use of the accessors mentioned in the improvements results in

a considerable decrease in their use, going from 8 accessors (Table 5.2) to only 3 (Table 5.5.

Buffer Dimensions Type Size of Type | Total Size
PCA Output N = 219,232 Float 4 Bytes 1.75MB
SVM Output | C' x N = 876,928 | Float 4 Bytes 3.5MB

Label Map (Y) | N =219,232 | Char 1 Bytes | 219.23KB

Table 5.5: DPC-+-+ Buffers of Final KNN.

Performance Analysis

Finally, in terms of performance. The analysis of the schedule cycles shows the following
data: for the Fixed Window (Algorithm 8) its latency is 977 (Figure 5.7), the Top Window
(Algorithm 6) is 1014 and the Bot Window (Algorithm 7) is 1819. Both, the first and

the second, have been improved compared to the base implementation, from 8791 cycles to
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around 1000 cycles due to the preloads in memory and other improvements. In the case of
the third, the Bot Window, is not the case, but it remains well below the number of the

first version, although it is almost x2 of its Top and Fixed counterparts.

From To Source Location 0 128 256 384 512 640 768 896 1024
0 997 - Y I
0 0 - i
0 823 |
0 ) - '

6 817 KNN_DPCPP.cpp:395
6 797 KNN_DPCPP.cpp:394

817 823 4

823 823 N

823 838 L

838 886 -

886 886 - i

886 894 - |l

894 Q14
914 924 = 1

024 939 - )

Q39 244

944 044 )

244 978 - =

Q78 978

978 Q88

088 207 M

907 907 - 9

Figure 5.7: KNN schedule fixed window.

On the other hand, talking about the cycle analysis, most of the loops shown in Table 5.3
were modified by the restructuring of the algorithm, and all of them had an II of 1, except
for those with n/a, which remained the same. In addition, no frequency was decreased by
one loop, decreasing the critical path delay and improving the frequency of the algorithm.

Taking into account all the speed improvements, an isolated algorithm time of 109703
ms has been achieved, giving a speedup of 2.545 [65]. On the other hand, the frequency

achieved in this version is 249MHz, a 10% increase over the base implementation.

Tya 279274

I — — 9.545
latency = 109703
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Chapter 6: Integration and Optimization
of Combined Pipeline

6.1 Integrating the three algorithms

After developing and optimizing the individual components of our machine learning pipeline,
Principal Component Analysis (PCA), Support Vector Machines (SVM), and K-Nearest
Neighbors (KNN)—we have now undertaken the crucial task of integrating these algorithms
into a cohesive system. This step marks a significant step in our project, as it brings together
the strengths of each algorithm within a unified framework designed to maximize efficiency
and performance.

With the individual components fully developed, the next phase involved carefully inte-
grating these algorithms into a single workflow. This integration process was not merely a
matter of combining code; it required a thoughtful approach to ensure that the algorithms
work together efficiently. The goal was to create a pipeline where data flows smoothly from
one stage to the next, with each algorithm enhancing the performance of the subsequent
one.

Moreover, the parallelized components of the algorithms, which were initially developed
separately to exploit data parallelism, have been meticulously gathered into this integrated
system. This allows the entire pipeline to benefit from parallel computation, significantly
reducing execution times and enabling the processing of large datasets that would be im-

practical with a sequential approach.
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6.2 Algorithm and Complexity

The mathematical complexity will play a key role in this, as PCA and SVM are computed
parallelly. The mathematical complexity of the full program will have two parts. As PCA
and SVM are parallelly executed, the complexity of the first part will be the maximum
between the two parts (see next calculation). The second part of the execution will be equal
to the KNN complexity. It will be executed individually and after the first two algorithms

because it needs both inputs.
mazx(O(SVM),O(PCA))+ O(KNN)

max(O(N x C? x B), PCA)+ O(N x K x W)

Figure 6.1 shows how KNN uses PCA and SVM output. This makes the computational
cost less, taking advantage of parallel computing.

Executed in parallel

eventPCA = q.submit({...}) eventSVM = q.submit({...}) i

eventTOPKNN = q.submit({ eventBOTKNN = g.submit( {
h.depends on({eventPCA, eventKNN}); h.depends_on({eventPCA, eventKNN});

) ==}

eventFIXKNN = q.submit({
h.depends_on({eventPCA, eventKNN});

)

Figure 6.1: PCA, SVM and KNN computation diagram.

6.3 Algorithm Resource Utilization

The resource utilization will now include the three algorithms’ hardware requirements. Ta-

ble 6.1 shows each algorithm’s resource utilization.
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ALUTs FFs RAMs MLABs DSPs

Static Partition 466792 (25%) | 928428 (25%) | 3039 (26%) 0 (0%) 1291 (22%)
Kernel System 417270 (22%) | 483965 (13%) | 8295 (71%) | 2574 (3%) | 94.5 (2%)
Global Interconnect 4515 10406 121 0 0
PCA Kernel 181409 (10%) | 127870 (3%) 251 (2%) 1131 (1%) | 52 (<1%)
SVM Kernel 70478 (4%) 106836 (3%) 569 (5%) | 513 (<1%) | 30.5 (<1%)
KNN Kernel 160866 (9%) | 238782 (6%) | 7352 (63%) | 930 (<1%) | 12 (<1%)
KNN Kernel Fixed | 109195 (6%) 77151 (2%) | 6540 (56%) | 296 (<1%) | 4 (<1%)
KNN Kernel BOT 30285 (2%) 136064 (4%) 671 (6%) | 309 (<1%) | 4 (<1%)
KNN Kernel TOP 21386 (1%) | 25567 (<1%) 141 (1%) | 325 (<1%) | 4 (<1%)

Table 6.1: FPGA’s area estimates of each algorithm in the complete processing pipeline.

The table highlights the huge use of resources represented by KNN compared with PCA
or SVM. However, the FPGA has enough resources to process the image and still has space
left to include higher-dimension data. The resources available in the FPGA are enough for
parallel computing have been enough for computing the image.

These results show that, compared with the resource utilization shown in Table 3.3,
Table 4.6 and Table 5.4, the resources used in this case are proportionally higher than in
the individual parts. This happens because the parallel computing of the full complete
algorithm needs to generate more than the individual algorithms to compute it parallelly
and connect the different parts.

Global interconnections have also been reduced. Table 6.2 shows the use of the global in-

terconnections when algorithms were executed individually and when everything is together

and parallelized. The use of the interconnections has significantly reduced.

ALUTs | FFs | RAMs | MLABs | DSPs
Final implementation 4515 | 10406 | 121 0 0
Individual PCA+SVM-+KNN | 10227 | 21724 | 526 0 0
Individual PCA 2012 2253 121 0 0
Individual SVM 2030 3524 121 0 0
Individual KNN 6185 | 15947 | 284 0 0

Table 6.2: FPGA’s interconnections.

The use of parallel computing also has disadvantages. The compiling optimization for the
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paralleled program can make some before-optimized components inefficient now. KNN took
advantage of DSPs (specialized hardware blocks) before. Now, the use of DSPs is reduced
because the specific arithmetic blocks computed need to be changed due to parallelism, so

the final execution time is incremented, and FPGA efficiency is decreased.

6.4 Performance

Table 6.3 shows the parameters, time, accuracy, and obtained speedup of the individual
algorithms. Comparing the results obtained with the one of the original paper (see Table 6.4)
can be seen that the performance is much lower in the FPGA. Due to the type of device,
which is focused on efficiency [45], the obtained result is lower than in the ones with GPUs
(including high and lower power efficiency GPUs) and other types of technologies. The
most approximate comparison between our FPGA and the given results would be taking

the Manycore 1:1 [2].

Algorithm Parameters Time (ms) | Accuracy' (%) | Speedup
PCA B =128; N =219,232; PC' =1 2,530 100% 37,03
SVM B = 128. N = 219,232 5, 662 100% 12.12

C=4,BC=6
KNN N = 219,232: K — 40: 109,703 98.27% 2.545
W = 2965: C' = 4

Table 6.3: Time and accuracy results of each algorithm isolated.

The optimization by reducing the precision in the KNN algorithm achieves significant
reductions in time, with only a small increase in error. Considering that diagnostic speed is
also a priority, it would be interesting to determine the optimal trade-off.

The Table 6.4 gathers the results of [2]. Describes the execution time of each algorithm
ran on the devices used in the investigation mentioned, and also adds the ones obtained
through the FPGA tests, using the same algorithms that the processing chain described
at Figure 6.1. All executions are separately computed versions, there is no parallelization

between algorithms. All devices have executed the PB1C1 brain image (Table 2.1). The
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times when processing on FPGA are higher than in high power GPUs, low power GPUs,
or low many core platforms. This is mainly, because the GPUs: Tesla K40, GTX 1060 and
RTX 2080, are high-end hardware for parallel processing.

Hardware PCA (ms) | SVM (ms) | KNN (ms)
High Power GPUs
Tesla K40 27 8 1,451
GTX 1060 21 4 1,222
RTX 2080 23 1 336
Low Power GPUs
MaxQ (Low-power) 346 88 2,005
MaxP (Low-power) 220 65 1,655
MaxCLK (Low-power) 122 21 1,390
Low Manycore platforms
Manycore 1:1 35,612 26,677 129,840
Manycore 1:16 1,683 113 864
FPGA
Stratix 10 SX 2800 2,530 10,240 109,703

Table 6.4: Execution time (ms) for each algorithm in PB1C1 across different hardware
platforms. Other implementations times, except for Stratix 10 SX 2800, are provided by
[2]. Time results are obtained with the parameters shown in Table 6.3.

The final execution time of the full algorithm pipeline (Figure 6.1) has resulted in 4,846
ms for the PCA execution and 10,240 ms for the SVM. These time results from the execu-
tions in the current pipeline are parallelized. Therefore, it only takes into account for the
maximum of both, the SVM. To proceed with the total time calculation, the KNN time is
added to the SVM, resulting in a total of 183,305 ms. Nonetheless, notable differences can
be seen compared to the isolated version (Tables 6.3 and 6.4). In the work of Lazcano et
al., [2], these differences between the time when implementing the complete pipeline do not
happen. The main reason is the high configurability that other systems allow rather than
the Intel oneAPI Toolkit does. For instance, from the final version of each algorithm DSPs

are reduced when there is perfect capacity for them, among others.
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Chapter 7: Conclusions and Future Work

7.1 Conclusions

In this work, the tools provided by the Intel oneAPI Toolkit were used to implement the
PCA, SVM, and KNN algorithms on a Stratix 10 SX 2800 FPGA, with the aim of optimizing
their performance, specifically in terms of time, for the analysis of hyperspectral images in
the study of brain tumors and skin cancer. A high-level language such as C++ with SYCL
was employed, utilizing the DPC-++ compiler, which presents a more accessible alternative
to traditional FPGA programming using HDL languages.

At the beginning of this project, several objectives were defined, with the primary goal
being the acceleration of the aforementioned algorithms. Based on the work completed, the

following conclusions can be drawn:

e Principal Component Analysis (PCA): To optimize the PCA algorithm, the
initial implementation had several inefficiencies. On one hand, all eigenvectors and
eigenvalues were computed using the Jacobi method, despite only needing the domi-
nant eigenvector. On the other hand, the image was centered at the origin, which led
to excessive memory consumption and increased host accesses, lengthening execution
times. For the improvement, the power method was implemented to compute the
eigenvector, and the matrix centering was optimized to reduce I/O accesses. Along
with FPGA adjustments, the optimization goal was successfully achieved, resulting in

a speedup of 37.07

e Support Vector Machine (SVM): The base version of the SVM had many issues
with accessors. The access time to the host was taking most of the time within the
full execution. Additionally, there were redundant loops and variables that could be

eliminated and optimized. The main goal was to create local variables to replace
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all accessors and restructure the code to eliminate as many redundant variables and
loops as possible. To achieve this, host access was optimized, and the main loop
was restructured, removing redundant variables and loops, and integrating the sorting

algorithm into the main loop. This brought a speedup of 12.12 times.

K-Nearest Neighbors (KNN): In the optimization of KNN, the base implemen-
tation had three main sections, and their separation did not take advantage of the
parallelization potential of FPGAs. In response to this observation, the main improve-
ment was to refactor the code and merge compatible loops or sections. Additionally,
an important aspect is the search algorithm. Although its complexity did not change,
unrolling was used through specific decoupling of the algorithm. Finally understand-
ing the on-chip memory effectively has allowed the available FPGA memory to speed
up the algorithm, reducing I/0O delays between the device and the host. Another con-
sideration to improve the performance was to readjust the base parameters, such as
window size (W), and observe that reducing it significantly improves the times with
minimal impact on accuracy. With all these improvements, a 2.545 speedup has been

achieved, a significant improvement over the initial one.

With the proper optimizations, especially those dedicated to hardware implementa-
tion, FPGAs achieve acceptable results. These optimizations range from leveraging

their data-level parallelization capabilities.

Analyzing the suitability of FPGAs for this type of application, it is observed that
a development focused on optimization and data-level parallelism yields much more
efficient results compared to standard programming. One of the issues encountered
during the development of these optimizations has been the limited configurability
compared to Hardware Description Languages (HDL) like VHDL. Many of the im-
plementations could have been more efficient with specific optimization and design,
but unfortunately, the Intel oneAPI Toolkit handles many processes and optimizations
differently. The specificity required when developing for these devices is a key charac-

teristic of their nature, and with high-level language libraries, that control is lost, and
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consequently, performance is compromised.

e Taking into account the other resources offered by Intel for FPGA application de-
velopment, Intel DevCloud emerges as an innovative element. It has been observed
that it offers many alternatives for developers to use FPGAs with almost no initial
investment. However, it is also concluded that due to its lack of resources, documenta-
tion, and frequent maintenance downtimes, it lacks reliability, making it a somewhat

unstable alternative.

Despite this, other resources, such as the reports generated by Intel’s compiler, provide
a very detailed view of FPGA implementations, as well as each cycle and instruction
carried out. It offers relevant information to the developer that otherwise would not
be accessible. Considering all of Intel’s tools together, it is concluded that while they
have advantages, they also have drawbacks that should be taken into account when

developing on this platform.

7.2 Future Work

In the pursuit of continuing improvements and advances, there is a wide range of future
possible work to improve the actual result of the thesis.

First of all, it would be convenient to continue testing code improvements and continue
to try even reducing more the execution time. There are many tools still unused in the Intel
oneAPI toolkit, they can be tested with the code in a time-optimizing oriented way.

It would also be important to test the current or future code with a wide range of
different images. There are infinite different cases in medicine where algorithms can fail or
underperform, so it is crucial to test as many cases as possible to improve trustability. It is
important to highlight that the real accuracy of the image needs to be analyzed medically,
in addition to just the numeric result.

Furthermore, this work has been done with the Stratix 10 SX 2800, but there are many

other FPGA and processing units available in the Intel DevCloud and in the market. Testing
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different FPGAs or other processing units can showcase improvement evidence.

Finally, it would also be useful to adapt the current work to new market trends. The new
Nvidia Blackwell GPU, Nvidia Volta and other processing units’ performance has signifi-
cantly improved computational capabilities at Al and data tasks throughout the last years
and seems to continue growing in the early and far future. These computational capacity
improvements seem to boost previously ever-seen performance, so it would be probably a

good option to experiment with such hardware.
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Appendix A: Contributions

This section details the specific contributions made by each work team member to the
project’s development. Each one has been in charge of optimizing one of the algorithms,
in addition to carrying out joint tasks. The tasks performed together with their author are

described below:

A.1 Antonio Alvarez Sanchez

After the algorithm assignments following the initial meetings with the directors, the al-
gorithm I was assigned was Principal Component Analysis (PCA). During the first few
months, I dedicated myself to studying its functionality and its various applications in ma-
chine learning, noting that it is mainly used for dimensionality reduction.

At the same time, I downloaded and tested the local version of the Intel oneAPI Toolkit
and the DPC++ compiler. The initial goal was to isolate each of our algorithms. However,
as part of the preliminary work, the PCA algorithm was already isolated in an independent
project, allowing me to analyze the initial code and begin translating it from C to C++
with SYCL for FPGAs. The directors recommended that I proceed up to the covariance
matrix calculation step and test its functionality. Initially, I implemented the kernel using
parallel_for, but the directors advised using single task instead. However, this first attempt
was valuable in familiarizing myself with the language. I implemented the entire algorithm,
and once completed, the next step was to test it on Intel DevCloud. Regarding this platform,
one of the first tasks was understanding the various boards available, known as nodes, and
how they could be used interactively to submit and execute jobs. This process was somewhat
complex, as the documentation was not entirely clear. I even had to post several questions
in the Intel DevCloud Forums, where I received helpful guidance. I documented everything

I learned to assist my teammates as well.
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Once I accessed DevCloud, I emulated the complete functionality of the PCA and then
compiled it on an FPGA. T also learned that the behavior of the emulation can differ from
that of the FPGA, as they sometimes behave differently. Eventually, I successfully executed
the entire algorithm on an FPGA, and it was time to optimize it.

The directors provided significant help in interpreting the report generated from my base
implementation, with additional support from my colleague Fabrizio. Carlos recommended
investigating the power iteration method for eigenvector calculation, which was highly effec-
tive, cutting the initial time in half. Later, he explained another method for implementing
the covariance matrix, which is the one used in the final implementation. The final step
was unrolling some of the most performance-sensitive loops in the algorithm, leading to my
final version.

In the written report, I contributed to the entire chapter on PCA. Additionally, I was
responsible for writing the hyperspectral imaging section in the state of the art, specifically
Section 2.1.1, Section 2.1.2, Section 2.1.3, and Section 2.1.5. I also wrote the abstract and

assisted in drafting the introduction and final conclusions.

A.2 Eneko Retolaza Ardanaz

After assigning the various algorithms among the team members, the algorithm I had was
the Support Vector Machine (SVM). I spent the first few months cleaning the provided code
and studying the functionality of the algorithm. I analyzed which parts of the algorithm
were included in the code and assessed its complexity.

During this time, I acquired a computer with an Intel processor to compile and run the
code in DPC++. The Informatics faculty initially helped me, by borrowing the laptop.
I installed the necessary programs for the project, including a compatible version of Intel
oneAPI Toolkit and the DPC++ compiler. My first task was to separate the KNN and
PCA algorithms from the SVM, as all were in the same document. After that, I properly
configured the input files for the SVM and created the output file to compare results in later

versions.
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Once I isolated the code, I added the single task and the accessors to execute the kernel.
The project supervisors recommended to implement an accessor for each variable. I sat up
Intel’s cloud environment, compiled, and ran the code there, adjusting the accessors until I
achieved the desired result.

To improve the algorithm, I followed the tutors’ advice, starting with kernel access
optimizations. I removed unnecessary accesses and moved variables that could fit inside
the kernel. This significantly improved execution time. Next, I eliminated unnecessary
“for* loops within the main loop, as many were redundant. Additionally, I removed more
variables and accessors that were being used redundantly, reducing memory usage, and
integrated the final sorting algorithm into the main loop. These final adjustments further
reduced execution time, though not as dramatically as optimizing the accessors.

After these improvements, I couldn’t reduce the time further, as all changes increased
execution time. I consulted with the supervisors, and we determined that the only remaining
option was loop unrolling. After testing it with several loops, execution time increased due
to the high number of reads in each unrolled line, so I reverted to the previous version. After
further discussions, we agreed this would be the final version, as there was no more room
to improve the SVM. After this, I executed all the versions of the algorithm to obtain the
time, and with the help of Fabrizio, I obtained all the algorithm report information.

In the written report part, I wrote the entire SVM chapter, did the software section
(Section 2.1.4, Section 2.3.1 and Section 2.3.2) of the state of the art, and contributed to

the introduction, the complete pipeline, conclusions, and future work.

A.3 Fabrizio Nicolas Zeballos

After the algorithm assignment following the first meeting, I was tasked with K-Nearest
Neighbors (KNN). The first few months were spent studying the algorithm’s functionality
and isolating the code from the entire non-parallelized chain given. The main objective
during this time was to have a working version of the algorithm in DPC++.

Once the algorithm was isolated in its base language, C, I proceeded to migrate it to
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C++ with SYCL using the DPC++ compiler. During this migration, I cleaned up several
vectors and reorganized them from 2D to 1D arrays. Throughout this process, I verified
that the results matched those obtained in the initial code. I downloaded the Intel oneAPI
Toolkit, enabling me to test results using the functionalities provided by this tool.

After translating the code into a correct version of C++ with SYCL and using the
DPC++ compiler, I started utilizing specific library instructions to compile for FPGA. This
phase presented numerous challenges, and using the cloud required prior training. After
managing to use the cloud emulator and obtaining the first results in a version suitable
for FPGAs, I attempted hardware compilation. The process of compiling and running
on hardware was complex, as Intel DevCloud experienced downtime and its boards were
temporarily non-functional. Once this execution was achieved, it became the starting point
for implementing improvements.

Following the first execution, I proposed to my supervisors improvements such as unrolls,
eliminating division or modulus operations, among other measures, though these were less
practical due to the lack of prior report analysis. I introduced, with the help of my directors,
architectural changes to the code, which proved to be effective, and also suggested parameter
adjustments, as the differences in results were minimal. Finally, I proposed some changes
to the search portion of the algorithm, but the implemented alternatives either exceeded
resource limits or were even slower for the hardware in use. Ultimately, I achieved the
current implementation, which uses three queues (Top, Bottom, and Fixed Window) and
includes memory preloading to maximize the FPGA’s resources, among other optimizations
for FPGA from the Intel oneAPI Toolkit.

For the thesis writing, I have written the entire Chapter 5. Additionally, I was respon-
sible for drafting Section 2.2 of the state-of-the-art review and assisting with the writing
of sections Section 2.1 In the common sections, such as the Chapter 1, Chapter 6, and

Chapter 7, I worked equally with my colleagues.
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