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Abstract

Machine learning is when a computer can learn from data and draw
its own conclusions without being explicitly programmed to do so. To
implement machine learning effectively and correctly, it is important to
have a structured framework to follow.

Today, there exist several different frameworks but no framework is suited
for all purposes of machine learning. This thesis evaluates three chosen
frameworks CRISP-DM, SEMMA and KDD for the purpose of imple-

menting machine learning in signal processing.

This study was conducted at Saab AB in Jarfalla. The specific problem
area of signal processing that was evaluated in the thesis was radar warn-
ing systems. A hypothesis is that they could become more efficient with
machine learning.

To evaluate the chosen frameworks, it was studied what was demanded
from a framework when implementing machine learning in the chosen
problem area. The evaluation was done with a theoretical comparison
where no implementations of the different frameworks were done.

The frameworks were evaluated through an evaluation method created by
the authors. The evaluation method was used for the purpose of finding
a framework suitable for signal processing when developing the software
for a radar warning system.

The result is that CRISP-DM is the most well-suited of the three frame-
works. This because it originates from a business perspective, is distinct
in how to use it and is easy to implement in an agile process like Scrum.

Keywords: Radar Warning System, Saab, Machine Learning,
CRISP-DM, SEMMA, KDD



Abstract

Maskininldrning ar nér en dator kan lara sig fran data och dra egna
slutsatser utan att specifikt vara programmerad att gora det. For att
lyckas med att implementera maskininlarning pa ett effektivt sitt sa
kriavs det att man foljer ett tydligt ramverk.

Idag finns det manga ramverk men inget som ar lampat for alla typer av
maskininlarning. Denna rapport utvarderar tre valda ramverk: CRISP-
DM, SEMMA och KDD. Detta med syftet att implementera maskininlarn-
ing i signalbehandling.

Studien utfordes pa Saab AB i Jarfalla. Det specifika problemomrade
inom signalbehandling som utvarderades i rapporten var radarvarningssys-
tem. En hypotes ar att de kan bli mer effektiva med maskininlarning.

For att utvéirdera de valda ramverken sa studerades vad som kravdes av
ett ramverk for det valda problemomradet. Utvarderingen skedde genom
en teoretisk jamforelse dar ingen implementation av de olika ramverken
genomfordes.

Ramverken utvarderades genom en utvarderingsmetod skapad av forfat-
tarna. Utvarderingsmetoden anvandes med syftet att finna ett ramverk
som var lampligt for signalbehandling vid utveckling av mjukvara for ett
radarvarningssystem.

Resultatet var att CRISP-DM var den mest lampade metoden. Detta for
att den utgar fran ett affarsperspektiv, har tydliga riktlinjer hur den ska
anvandas och att den enkelt kan implementeras i agila processer sasom
Scrum.

Nyckelord: Radarvarningssystem; Saab; Maskininlarning;
CRISP-DM; SEMMA; KDD
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Chapter 1

Introduction

Machine learning is a complex area within computer science and to im-
plement machine learning correctly and efficiently, there is a need for a
framework to guide developers through the process [18]. The definition
used for a framework in this thesis is a combination of the different pro-
cesses needed to implement machine learning efficiently. Today there are
no frameworks suited for all forms of machine learning, but some are more
commonly employed than others. This thesis evaluates three frameworks
and finds one that could be suitable for implementing machine learning
in signal processing.

This chapter contains the background information, problem description,
purpose, objectives, method and delimitation.

1.1 Background

The technology used in the world today enables the opportunity to collect
large amounts of data. The problem is not to find the data, but rather
how to analyze the gathered data and extract useful knowledge from
it. This process is commonly known as data mining [12]. The need
to understand large and complex datasets are typical for all fields of
business, science, and engineering [12].

Datasets continue to grow in size and becoming more complex and the
need for software tools with automatic and intelligent data analysis has
grown [12]. Therefore, the interest in machine learning has increased in
the last couple of years. The possibility to find patterns and interpret
data without the involvement of humans is a very efficient and power-
ful technique. Companies can extract useful information from a large
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dataset.

The difficulty with using new technologies is the lack of frameworks.
Throughout the years of software engineering and development, there
has always been a need for the right set of tools to create applications
[18]. Data mining and machine learning are complex techniques which
involve several steps in the process. For a company to be successful in
this field a useful framework to follow is required.

Today there exists some frameworks that are more commonly employed
than others. CRISP-DM [5] is a framework that consists of six different
phases. It is an iterative process that starts with getting a business
understanding of the problem. After that, an understanding of the data
is established and the data is processed for the modeling step where the
actual machine learning algorithm is applied. The result produced by the
model is then evaluated. If the result is of good quality the algorithm is
being deployed.

KDD [31] is a framework which contains similar steps as CRISP-DM.
KDD begins by creating an understanding of the problem and then the
data is being processed. After the machine learning algorithm has been

applied to the data, the produced result is then being evaluated. Just
like CRISP-DM, KDD is also an iterative process.

SEMMA [10] is an iterative framework that differs a bit from the other
two. Unlike CRISP-DM and KDD, SEMMA focuses mostly on data
management and the model aspects of data mining. It does not start with
getting an understanding of the problem from a business perspective. It
does also not end with an evaluation of the whole work done through the
project. The five different phases that SEMMA consists of is instead a
direct translation from the data management phases in KDD.

1.2 Problem

Developing machine learning is a complex task and consists of several
steps, including capturing data, cleaning data and create a model to
train with a cleaned dataset. The approach to finding and clean data
can be chosen in different ways depending on the available resources.
The chosen methods, CRISP-DM, SEMMA and KDD appear to be quite
similar. However, before using a companies resources on a framework, it
is beneficial to conduct a study on which framework could be useful for
their problem area.

The problem area evaluated in this thesis are radar warning systems. A
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hypothesis is that they could become more efficient with machine learn-
ing. Radar warning systems capture signals from other radar systems
and use signal processing to identify a possible threat. Frequencies are
used as a filter to sort out the critical signals from noise. With the
development from 3G to 4G to 5G, the frequencies of the signals are in-
creasing, making it more difficult for the radar warning system to quickly
sort out relevant information from the captured signals [11]. To solve this
problem, a solution could be implementing machine learning in the radar
warning system.

It is essential to have a framework, the process of machine learning re-
quires a structured and iterative process to ensure that no part of the
process is overlooked. Several frameworks exist today for implementing
this technology. It is essential to choose the right model for the pro-
cess of implementing machine learning is complex and consists of several
elements.

1.3 Purpose

The purpose of this thesis is to answer the question: Which of the frame-
works CRISP-DM, SEMMA and KDD are suitable for implementing ma-
chine learning in signal processing when developing the software for a
radar warning system? The intentions are to conduct a study to con-
tribute to the decision making in which framework is beneficial to use
when developing the software for a radar warning system.

1.4 Objectives

The goal is to find a suitable framework that could benefit the implemen-
tation of machine learning in signal processing. This thesis will evaluate
three chosen frameworks that are used in the industry today and show
similarities and differences between the frameworks. We aspire to fulfill
the following tasks:

e Gather information about the three different frameworks by con-
ducting a literature study.

e Conduct semi-structured interviews to understand Saab’s corporate
culture, existing software development process and what prerequi-
sites Saab demands from a framework.
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e Create an evaluation method that will help us evaluate the different
frameworks.

e Evaluate the frameworks based on the evaluation method and find
a suitable framework for signal processing at Saab.

Benefits and Sustainable Development

This thesis is beneficial to other companies when implementing machine
learning and they can read about the reasoning for choosing a specific
framework. During the writing, no personal data was revealed and Saab
Code of Conduct was followed.

The sustainable development comprises three aspects: social, economic
and ecological [15]. To maintain these aspects, it is important to care for
human rights, environmental impacts and manage the scarce resources.
Saab works with their Code of conduct [28] where they are taking their
responsibility to make employees feel safe and have strong business ethics.
Saab is also associated with the UN Global Compact to care for human
rights. Working closely with national and international Research and
Development (R&D) projects to promote the development of environ-
mentally friendly technologies and resource efficiency [28].

In a project, it is essential to have a structure to follow, according to Bo
Tonnquist [30]. He has researched project management and when using
a proper framework software developers feel reduced stress and in control
over the situation. This benefits both the employer and employee since
it contributes to a more pleasant working environment [30].

1.5 Methodology

A methodology is important when conducting scientific research, depend-
ing on the projects purpose the method needs to be appropriate. The
primary purpose of choosing a method is to find a method that succes-
sively contributes to reaching the goal and the desired outcome [9].

A method can be categorized as either qualitative or quantitative. A
qualitative method involves understanding and meanings to create ten-
tative hypotheses and theories that in the report are verified or falsified
[9]. Usually smaller datasets are used that are enough to reach reliable
results [9]. A quantitative method involves proving a phenomenon, com-
monly done with experiments or testing large datasets in a system [9].
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The reasoning behind writing a scientific report can mainly be chosen
in two ways. If conclusions are drawn based on knowledge from already
known premises, it is a deductive approach. However, if the work for-
mulates a general idea based on the presented facts, it is an inductive
method [9]. If the authors during the research decide to combine both in-
ductive and deductive methods to understand the results, the reasoning
is called abductive [9].

We used a qualitative method with an inductive approach, to answer the
question which of the chosen frameworks are suitable for implementing
machine learning in signal processing. We gathered information about
Saab and the chosen frameworks. We held semi-structured interviews
with Saab employees to understand Saab’s corporate culture and meth-
ods used for developing software. The purpose of this was to get a more
in-depth knowledge of what prerequisites Saab would have on a frame-
work and use this in our evaluation method.

To select which frameworks would be evaluated a literature study was
conducted about different frameworks used in the industry today. CRISP-
DM, SEMMA and KDD were chosen because they are commonly used
and in discussion with our examiner we decided it would be interesting to
conduct a comparative study between them. A broader literature study
was done to create a grounded theory with a hypothesis. That one of the
three frameworks would be more beneficial when implementing machine
learning in signal processing for a radar warning system. During our
thesis, we verified our hypotheses.

1.6 Employer

During the writing of this thesis, we were employed by Saab AB. Saab AB
is a Swedish company founded in 1937, that produces products, services
and solutions for military defense and civil security [27]. Saab Surveil-
lance is a business area within Saab AB, providing efficient solutions for
safety and security. Their solutions are used for detection support, threat
detection and protection. The Electronic Warfare Systems Business Unit
produces solutions for airborne, ground-based and naval radar systems.

1.7 Delimitation

Three common frameworks were chosen to be studied and evaluated, and
there is a possibility that with evaluating more frameworks another result
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could be found. No implementation of machine learning will be done to
test the framework and verify it, and the result will entirely be based on
a theoretical study.

1.8 Disposition

The thesis is organized as follows:

Chapter 2 goes through the background of the thesis. It gives the reader
a theoretical background to CRISP-DM, SEMMA and KDD. The reader
gets an introduction to machine learning, data mining, Scrum and radar
warning systems.

Chapter 3 presents how this study was conducted, which methods were
used and how the results were achieved.

Chapter 4 present the results of the study. The results from interviews
are presented and a comparison and analysis are done of the findings
from the literature study.

Chapter 5 gives the conclusion on which framework we find most suitable
for the problem area of the thesis. The chapter presents the discussion
and future work.



Chapter 2

Background

This chapter presents a theoretical background related to the thesis. It
explains what machine learning is and the two main categories. It gives
the reader background information about Scrum. It also goes through our
chosen frameworks and explains each step in their process. The chapter
ends with an explanation of radar warning systems and how machine
learning could make it more efficient.

2.1 Machine Learning

Machine learning is something we use every day. When doing a simple
Google search or when Facebook suggest which friend should be tagged
in a photo. Machine learning is when a computer can learn from data

and draw its own conclusions without being explicitly programmed to do
so [24].

Algorithms are used to interpret and learn from datasets to predict an
outcome on new data [24]. If the prediction is not as accurate as requested
the algorithm is exposed to an augmented dataset, by doing this the
algorithm is being trained and learns by its experience. This iterative
process continues until the prediction reach the desired accuracy and
then the algorithm is deployed [24]. The primary purpose of machine
learning is to learn from a training dataset in order to make a prediction
as accurate as possible on new and unseen data [24].

Machine learning can be derived into different methods, below the two
methods, supervised and unsupervised learning will be explained.

7
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Supervised Learning

Supervised Learning is when you know the right answer to each case. For
example the housing market, it is easy to find a connection between the
living space and house price [21]. The algorithm can estimate a house
value based on the living space, the right answer is easy to check. The al-
gorithm is then supposed to create more “right answers” according to our
model. The algorithm can handle a large number of features/attributes,
the data could have several more labels on it [21]. For example, take into
account the location of a house, renovations and how large the garden is.

The estimated output can be one of two different approaches [21]:
Regression - Predict continuous valued output (for example, the price
of a house).

Classification - Discrete valued output 0 or 1 (for example, does the
house have a garage? Yes or no).

Unsupervised Learning

Unsupervised learning is when the data [21] is not labeled. The computer
is asked to try and find some structure of its own among the given data.
The computer connects similar data points and displays them as clusters.
One typical application for this is organizing large computer clusters,
social network analysis and market segmentation [21].

Algorithms

Since machine learning is a broad field, there are several algorithms to
chose from when implementing machine learning. Some popular algo-
rithms are Neural Networks, Clustering, Decision tree learning and Re-
inforcement learning [17].

2.2 Data Mining

Data mining and machine learning often adepts the same methods and
the difference between them can be confusing. Machine learning is the
science of getting computers to act without being explicitly programmed
[24], where data mining instead could be defined as the process to derive
knowledge and interesting patterns from a large collection of data [31].
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During this process, machine learning algorithms are used to derive the
knowledge.

Machine learning is learning from data and data mining is the process to
learn from data, these two concepts are a part of each other, where data
mining is the task and machine learning is the tool to solve that task.

The ability to extract useful knowledge from huge datasets and use this
knowledge is becoming important in today’s competitive world [12]. For
example, in the business community, data mining can be used to discover
new purchasing trends, plan investment strategies, and detect unautho-
rized expenditures in the accounting systems [12].

According to M. Kantardzic [12], there tend to be two primary goals of
data mining: prediction and description. The goals of prediction and
description are then achieved by using data mining techniques, such as
machine learning.

The predictive side of the goal is to produce a model, expressed as an
executable code, which can be used to perform classification, prediction,
estimation, or other similar tasks [12].

The descriptive side of the goal is to gain an understanding of the ana-
lyzed system by uncovering patterns and relationships in large datasets
[12].

2.3 Models for Data Mining

The sections below will explain the three chosen frameworks used for data

mining and software development. The chosen frameworks are CRISP-
DM, SEMMA and KDD.
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2.3.1 CRISP-DM

CRISP-DM stands for Cross-Industry Standard Process for data mining
[5]. It breaks down the process of data mining into six different phases
shown in Figure 2.1. There are no strict ways of moving between different
phases of the processes, in fact moving back and forth between them
are required. It is the outcome of every phase that determines whether
you should move to the next step or iterate again with the one above.
The outer circle symbolizes the cyclic nature of data mining, even when
a solution has been deployed the process continues to create a better
version [5].

The six different phases are briefly described in the sections below, Ap-
pendix A shows a detailed view of the various steps involved in every
phase.

Business Data
Understanding Understanding

Data
Preparation

Deployment

Modeling

Figure 2.1: The six different phases in a data mining project according
to CRISP-DM [5]

Business Understanding

This is the initial phase of CRISP-DM. In this phase, an understanding
of the goal and the requirements of the project should be formed from
a business perspective [5]. This understanding will then be transformed
into a definition of data mining problems, to create a project plan for
achieving the goals [5].
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Data Understanding

This phase starts with an initial data collection and will then proceed
with the goal of understanding the data [5]. To gain this understanding
different activities will be performed, such as identity data quality prob-
lems, discover first insights into the data and detect interesting subsets

[5].

Data preparation

When the data have been collected it needs to be prepared to be able
to construct the final dataset, all this will be done in this phase. Here
activities will be conducted that includes table, record and attribute
selections, and also transformation and cleaning of the data from noise

[5].

Modeling

In the modeling phase, various modeling techniques will be selected and
applied to the project. Parameters get calibrated for the models to get
the optimal value. Often the different techniques require a specific kind
of dataset, this often leads to going back to the data understanding phase

5].

Evaluation

Before the model can be deployed the conducted work needs to be eval-
uated to be sure that the result meets the business requirements. This
will be done in this phase. The steps that have been executed to create
the result will be reviewed and evaluated thoroughly and at the end of
this phase a decision on the data mining result should have been reached

[5].

Deployment

In this phase, the final model is deployed. Depending on the requirements
of the project the deployment phase can be as simple as delivery of a or
as complex as implementing the model in an operating system. In this
phase, it is essential to produce a deployment plan, so it is clear which
actions will be needed to carry out the deployment [5].
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2.3.2 SEMMA

SEMMA is an acronym for Sample, Explore, Modify, Assess [10]. SAS
Institute, who developed the model, describes it as not a data mining
method but rather as a toolset for carrying out the core tasks of data
mining. SEMMA focus the most on the model development aspects of
data mining and is used in the SAS Enterprise Mine software. The
movement between the different steps is not strict, during the project
you can move both back and forth and repeat steps [10].

SEMMA consists of five different steps, which are all described overall in
the sections below and Figure 2.2, but it is not mandatory to include all
the steps in the project.

Sample
Sampling
Yes/No

Explore

Clustering
Associations

—7——
Modify Variable |

Selection

Creation
J

[
\ N
Model Neural esbaeed
leural ree-base L
Networks Models Logistic Models
L J U ) U )
[

N
Assess
Model
Assessment
( J

Figure 2.2: View of the steps in the different phases of SEMMA [3]

ata
.
Other stat
models
‘ )

Sample

The first step is called Sample. Here the sampling of the data will begin
which will then be used for modeling. The data collected should be big
enough to contain the necessary information but small enough to be easy
to process [20]. This phase also includes partitioning the data to create
training, validation and test samples [20].

Explore

In this step, the data will be explored and searched for any interesting
patterns and relationships. This is done to gain an understanding of the
data and from that draw conclusions and get ideas. This can be done
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with the use of visualization, but if the visualizations do not show any
clear trends, a statistical analysis can be used instead [20].

Modify

This step builds on the previous Explore step. In this step, the data
begins to be modified and prepared to be used in a specific model [20].
It may include additional segmentation of the sample and the creation
of new variables.

Model

In the fourth step, the model is starting to be created. Here different
modeling techniques will be applied to the now modified and well-selected
data and variables [20]. This will strive to achieve the goal of getting a
reliable model, which can then be used to predict an outcome or classify
unknown data.

Assess

In the final step of SEMMA, an evaluation of the models’ outcome and
performance are carried out against the samples which are used for vali-
dation and testing. With this evaluation, a decision is made if the model
is useful and reliable [20].
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2.3.3 KDD

Knowledge Discovery in Databases (KDD), is a process to discover in-
teresting and useful knowledge from a database [31]. This may sound
like data mining itself, but data mining is just a step in the KDD pro-
cess where an algorithm is applied to find patterns in the data. KDD
focuses on the overall process of knowledge discovery from data, which
includes, how the data is stored and accessed, how algorithms can be
used to massive datasets but still be run efficiently and how results can
be interpreted and visualized. The other steps in the process are there
to ensure that useful knowledge is derived from the data.

KDD is an iterative process consisting of many steps. In the methods
above, it can be necessary to return to a previous step and repeat it.
The steps that KDD consists of are described in the sections below and
Figure 2.3.

Data Mining
Selection Pre-p T IE
Knowledge
——
/" Data . — — ——
4 L
Pre-processed | Transformed
Pre-KDD Target data data data Patterns

Figure 2.3: View of the steps in the different phases of KDD [31]

Pre-KDD

At the first stage in the process, an understanding of the project domain
is developed [31]. The people who are in charge of the project have to
understand what needs to be done. An investigation is done to under-
stand if there are any relevant prior knowledge in this area. A goal is
determined from the end-users point of view.

Selection

The next task is to create a target dataset [31], this includes finding out
what data are available or needs to be obtained and integrate it into one
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dataset. It can be focused on a subset of variables or data samples. This
target dataset is where the knowledge is to be performed.

Pre-processing

In this stage, the data is cleaned and pre-processed [31]. Common tasks
in this stage include removal of noise or accounting for it, collecting the
necessary information to model, decide how to uniformly handle miss-
ing data fields and accounting for time-sequence information and known
changes.

Transformation

The data is prepared for the Data Mining step. Here useful features will
be searched for which will be used to represent the data [31]. Methods
to help with this are the dimensional reduction, such as feature selection
and extraction and record sampling, or transformation methods.

Data mining

This stage consists of three different stages which are described below
[31]:

1. In the first step, the data is prepared and a data mining method is
chosen. The selected method is based on the goal of the KDD process
defined in the first step. The data mining method can, for example be,
classification, regression or clustering.

2. The next step is to choose a specific data mining algorithm and select
methods to find patterns in the selected data. A model is decided and
parameters are set to match a specific data mining method and the overall
criteria in the KDD processes.

3. In the final step, data mining is conducted. The data mining algorithm
is deployed and the dataset is searched for interesting patterns. This step
may need to be repeated several times until a satisfied result is obtained.

Interpretation/Evaluation

In this step, the patterns that have been mined in the previous step are
interpreted and evaluated with respect to the goals that were determined
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in the first step of the process [31]. It could also be necessary to return
to one of the previous steps at this stage to do some changes.

Post-KDD

When the desired result is obtained it, the next step is to act on the
discovered knowledge [31]. The knowledge can be used directly or it
could be implemented into another system for further action or provide
documentation and reporting it.

2.4 Scrum

Scrum is an agile method mostly used in software development [29]. The
main benefit of Scrum is that the product owner, in the beginning, makes
a rough plan throughout the project, this is also known as a product
backlog [14]. Throughout the project a detailed plan is made every 3-4
weeks, this detailed plan is referred to as a sprint. The propose of only
creating a detailed plan every 3-4 weeks ahead is to remain flexible and
agile [14]. When a new problem occurs or the customer requests a new
feature you can plan for it and it does not affect the whole project plan
since it is only planned 3-4 weeks ahead.

2.5 Signal processing

A signal describes how some physical quantity varies over time and/or
space. A signal could, for example, be sound pressure, radio/television
broadcast or a movie. Signal processing is manipulating a signal to
change its characteristics or extract information. It is performed by a
computer, special purpose integrated circuits or analog electrical circuits
[32]. Technology that uses signal processing is HD-TV, GPS and target
tracking for surveillance [32]. Models play a fundamental role, the foun-
dation of the models are derived from prior knowledge in physics and
biology. They characterize the signal and noise, describe distortion and
relate the desired quantity to measured data. To create models and as-
sessments, mathematics like calculus and linear algebra is used together
with probability and statistics. They can develop models for minimizing
the noise in a signal as well as characterize the confidence and uncertainty
(32].
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Noise - a common problem

When collecting data a common problem is that the data also contains
noise, signals that disturb the raw measured signal. This makes signal
processing more difficult [22]. To solve this it is necessary to clean the
data and make the signal as clear as possible. A convenient way is to use
ensemble averaging, this is only possible if the signal can be measured
several times. The noise signals will not be the same in all measurements
but the authentic signal will. During the measurements, you add up the
measurements point by point and then dividing the number of signals
that averaged. Figure 2.4 display an example signal with noise and a
cleaned signal. The straight line over the cleaned signal works as a filter
to only detect signals over a certain threshold.

Signal with noise Cleaned signal
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Figure 2.4: Signal with noise and a cleaned signal.

Radar Warning Systems

Radar uses radio waves to discover and determine the distance to an
object [7]. An electromagnetic wave is transmitted from the radar and
bounces on the target and creates an echo. By measuring the time differ-
ence from when the echo comes back to the radar you can determine the
distance to the object. The speed of the object is determined by mea-
suring the difference in frequency between the transmitted and received
signal [7].

A radar warning system collects the radio wave that another radar system
sends out, by collecting the pulses and sending them through a signal
processing chain. Then the knowledge about the object sending out
radar signals can be retrieved.
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How does it work?

The signal chain can be defined as how the signal travels from the moment
the antenna captures it until the radar warning system can detect if
it is a threat. In Figure 2.5 the steps in the signal chain are shown.
For example, if we were looking for a specific card in a deck of cards,
the antenna would collect several signals. Digital processing would find
the signals that represented a deck of cards. Pulse processing would
look through the cards and sort them in order. Track processing would
identify which cards are heart, spades, diamonds and clubs. In the same
way, we can sort out the signals and find out whether there is a threat.

Digital Pulse Track
Processing Processing Processing

Figure 2.5: Different steps in a signal processing chain



Chapter 3

Method

This chapter contains information about how this study was conducted,
which methods were used and how the results were achieved. First, the
general approach of our work is presented followed by alternative stud-
ies and the conducted literature study and semi-structured interviews.
Lastly, the evaluation method is presented.

3.1 General Approach

During our education at the Royal Institute of Technology, we have been
taught the importance of modeling and planning our work before exe-
cuting it. With a proper plan and model, the work carries on smoother.
This was used as our starting point for this thesis. With the exponential
usage of machine learning, we studied what frameworks are used in the
industry today for implementing machine learning.

In conversation with our examiner at the Royal Institute of Technology;,
we decided to choose the three frameworks CRISP-DM, SEMMA and
KDD. To learn about the frameworks we conducted a literature study.
With the purpose to evaluate which of these frameworks would be ben-
eficial to use for implementing machine learning in signal processing.

The literature study gave us important information about the chosen
frameworks, machine learning and signal processing within the area of
radar warning system. We held semi-structured interviews with senior
Saab employees to understand what was necessary for Saab in a frame-
work. With the combination of the knowledge gained from the literature
study and the semi-structured interviews, we created an evaluation model
to use on our frameworks.

19
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3.2 Alternative Methods

There are other methods to chose when conducting a comparative study
between existing models. When choosing our method we first evaluated
what could be possible to accomplish within our given time frame and
the available resources. We decided not to implement any of the models
since it to would be too time-consuming with our existing knowledge.

3.3 Literature Study

Saab supplied us with relevant books regarding signal processing and
radar warning systems. The literature was from 2004 and to verify that
the basic function still was used today we brought it up in our semi-
structured interviews with our supervisors at Saab. Articles about re-
search being conducted within the field of data mining, machine learning
and artificial intelligence were read.

The article by A. Azeved and M.F Santos [1] was used as an inspiration
in our comparison between the frameworks. Articles by S. Aishah et
al. [25] and Lukasz A. Kurgan and Petr Musilek [19] was used as an
inspiration to our in-depth analysis of the frameworks.

When choosing material regarding computer science, we made sure that
it was not older than five years, since it is a popular field with exponential
findings. If it was older, we assured that it still was relevant information.
When the knowledge was sufficient we were able to tighten the problem
description and formulate it into an appropriate size.

3.4 Semi-structured Interviews

With our knowledge about the chosen field, we decided to have semi-
structured interviews which consisted of open questions allowing the in-
terviewee to answer broadly and opened up new areas for us to explore.
If we had a more profound knowledge of the field we could have created
structured interviews following strict questions. In our thesis, it was more
beneficial to use semi-structured interviews to learn about new areas and
get a deeper understanding of the subject and fulfilling our purpose.

To understand the corporate culture and deepen our knowledge about the
area, we conducted semi-structured interviews were we prepared ques-
tions based on our literature study. The interviews were held with senior
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Saab employees and master students writing their master thesis within
the area of machine learning at Saab. The senior employees at Saab
had relevant experience in software development, machine learning, sig-
nal processing and radar warning systems. The interviews deepened our
knowledge and were of great value when exploring the chosen frameworks.

3.5 Evaluation Method

The first criterion was created from the semi-structured interviews with
Saab. They explained their work and from this, we got an understanding
of how important their data management is. Therefore, we evaluated the
methods on their data management and if they can handle the data in
the way that Saab wishes for the specific case study of radar warning
system.

The second criterion was created from the semi-structured interviews
with Saab. They have a clear business perspective of what problem is
to be solved with machine learning. Therefore, a criterion is to have a
framework that is well suited for a business understanding.

The third criterion was created from the literature study and our previous
knowledge about working in teams. It is vital for everyone involved to
understand the purpose and process of the work. Therefore, we evaluated
the frameworks on how distinct the different steps are. This is to facilitate
for everyone involved to understand the framework and work towards a
common goal.

The fourth criterion was created from the semi-structured interviews
where we gained knowledge about the developing processes at Saab.
With the purpose to find a framework suitable for implementing machine
learning in signal processing, we evaluated how the framework could be
implemented in the existing software developing processes at Saab.

e Can the framework manage data in the way that is required by the
specific case study suggested by Saab?

e Does the framework take into account the business perspective of
the problem?

e [s the framework distinct in how to use it?

e Can the framework be implemented into Saab’s developing process?



Chapter 4

Results

This chapter will present the result of the study. The different frame-
works are compared with each other. A more in-depth analysis of the
frameworks is then made based on different case studies about each
framework.

4.1 Semi-structured Interviews

During the conducted semi-structured interviews we got an understand-
ing of which software development process Saab uses. They work with
the agile process called Scrum. They work in teams consisting of usually
7 people, but ideally the teams are consisting of 5-7 people. The length
of the sprint is 2-3 weeks. From this, we got the understanding that Saab
needs a framework that is fairly easy to implement into Scrum.

To be able to choose a framework we needed to understand Saab’s pur-
pose of implementing machine learning into their radar warning systems.
This to understand what prerequisites is demanded from the framework.
From the interviews, we understood that Saab had a clear problem de-
scription and that they knew what the desired outcome was supposed to
be. This gave us the evaluation criteria that the framework needed to
origin from a problem description.

A suggested solution is to use a series of neural networks to solve different
problems connected to signal processing in radar warning systems. When
the neural network is in use, it is important to test the result that has
been given to the radar warning system. This means to find out which
specific data was used to produce the result and in which specific order
it was used.

22
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When the neural network is trained well enough to produce a good and
reliable result Saab needs a way to safely record the working neural net-
work to be able to recreate it. This leads to that the whole training
sequence also needs to be recorded.

From this, we got the understanding that for the machine learning im-
plementation to work it is essential that Saab has a proper data manage-
ment. They need to find a suitable framework surrounding the machine
learning algorithm to be able to handle the data in an efficient way.

4.2 Literature Study

In the sections below we will present our findings from the literature
study and make a comparison between the three chosen frameworks and
analyze them with regards to their strengths and limitations.

4.2.1 Comparison between the frameworks

After the literature study of the frameworks was completed a general
comparison between the different frameworks were done based on the
gathered information.

By first making a comparison of CRISP-DM and KDD we can see a re-
semblance between the two methods. Both begin with developing an un-
derstanding of the problem from a business perspective, of what needs to
be done in the project. In the next phase, both frameworks are starting to
prepare the data. CRISP-DM with the two phases Data Understanding
and Data Preparation. KDD has instead divided the data management
into three different steps: Selection, Pre-processing and Transformation
phases.

In the Data Understanding phase, in CRISP-DM the initial data col-
lection starts, which also starts in the Selection phase in KDD. These
two phases are equivalent to each other. In the Data Understanding
phase it is included to identify quality problems which are done in the
Pre-Processing phase in KDD. Therefore, we can also translate the Data

Understanding phase in CRISP-DM to Pre-Processing phase in KDD.

In the Transformation phase in KDD, the final preparation of the data
will be conducted to be able to create the final dataset. This final prepa-
ration is done in the Data Preparation phase in CRISP-DM and we can
therefore, translate these two phases to each other.
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Looking at the Data Mining phase in KDD, the data mining method are
chosen and applied to the final dataset. This is also what is happening in
the Model phase of CRISP-DM, it is therefore also possible to translate
these two phases to each other.

In the final steps of CRISP-DM, the result from the Model phase is
evaluated in the Evaluation phase, which in parallel are done in Inter-
pretation/Evaluation phase in KDD. At last, the final model is deployed
in the Deployment phase in CRISP-DM which is also the final stage of
KDD. Table 4.1 displays the result of the comparison so far.

Table 4.1: Comparison between CRISP-DM and KDD [1].

CRISP-DM KDD
I e
Business Understanding Pre-KDD

Selection

Data Understanding
Pre-Processing

Data Preparation Transformation
Modeling Data Mining

Evaluation Interpretation/Evaluation
Deployment Post-KDD

SEMMA does not consist of any stage were the goal of the project is
determined from a business perspective or a phase where the whole work
in the project is evaluated. This is the most significant difference between
these three models. Apart from that, SEMMA consists of five phases that
focus on the data management part of a data mining project. The phases
in SEMMA could be directly translated to the data handling phases in
KDD, and therefore also translated to the phases in CRISP-DM. See the
Table 4.2 below for the final comparison of the models.

Table 4.2: Final comparison between CRISP-DM, KDD and SEMMA [1]

ﬂSP—DM KDD SE_MMA
Business Understanding Pre-KDD -
Selection Sample
Data Understanding
Pre-Processing Explore
Data Preparation Transformation Modify
Modeling Data Mining Model
Evaluation Interpretation/EvaIuatwon Assesment

Deployment Post-KDD
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4.2.2 Analysis of the frameworks

To further investigate the strengths and limitations of the different frame-
works we did a more in-depth analysis of them. We found relevant case
studies where the frameworks have been used. The primary focus was to
find case studies that involved the specific area of neural networks, which
Saab had suggested for the case study for this thesis. However, to find
case studies that involved all three frameworks in the specific area were
hard to find. Therefore, we decided to take a more general approach
and study cases that did not involve the specific area and instead choose
information from them that was relevant for our thesis. We used case
studies and opinions by the authors in the articles that are mentioned
below. However, we also added case studies that we found on our own
and added our own opinions about them. In Table 4.3 below you can see
the chosen case studies.

Table 4.3: The studied case studies [19] [25]

H.] Gémez Palacios et Information CRISP-DM Studies of land use and cover
al. [9] technology SEMMA change
N. Caetano et al. [3] Medicine CRISP-DM Prediction of length of

hospital stay

R. Wirth, Software CRISP-DM Response modeling. Improve

J. Hipp [26] the efficiency and
effectiveness of mailing
actions in marketing. It allows
to increase the response rate
while decreasing the costs of
a campaign. Predict the
likelihood of potential
customers to reply to

mailings.
P. Kalgotra Medicine CRISP-DM Progression analysis of
R. Sharda [23] signals. Converting streams of

records to be able to detect
useful signals for analysis,
health care is used as an
example.

Transportation KDD Decision Making of Railway

C. Zhang et al. [5] Traffic Safety in China

F. Rebdn et al. [7] Tourism KDD An antifraud system for
operations with credit cards

SAS Institute [2] Customer care SEMMA Prediction of the behavior of
customers.
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In Table 4.4 below the relevant strengths and limitations found in the
articles are presented.

Table 4.4: Strengths and disadvantages of the frameworks

CRISP-DM

KDD

SEMMA

Has a website. Description
based on research papers.
Easy to understand, some
knowledge required in the
background of DM.

Has no website. Description
based on research papers.
Requires background in
DM.

Has website with full
documentation on SAS®
Enterprise MinerTM tool, all
their available
documentation focuses on
this tool.

Clearly defined process,
predictions about
possible problems
Whole phase to
transform the problem
in terms of data mining
Pays off for large
projects

Support various Data
Mining techniques
Iterative process

Has documentation
with typical case
studies which will help
with the process

Iterative process
Support various DM-
techniques, for
example Neural
networks.

Good user support
Support various DM-
techniques

Iterative process

Long and complicated
process

Data preparatien and
modelling phases of the
streaming data are
different from the
traditional static data
mining due to its times-
series nature. May not
be covered in CRISP-DM
documentation as it is
made for a general
approach for data
mining.

Requires background
knowledge in DM

It is designed to work
with the SAS® Enterprise
MinerTM tool, problem
arise if a non-typical
mining case shows up.
Does not take into
account the business
understanding of a
problem,

In the article by Herman Jair Gémez Palacios et al[8] they found that
the clearly defined process and documentation to be one of CRISP-DM
biggest strengths and and the most significant contributor to the success
of their case study. In the article by Riidiger Wirth and Jochen Hipp [26]
they state that CRISP-DM pays off for large projects. This due to that
CRISP-DM is a quite long process with many steps and time-consuming
documentation. Which may not be suitable for small projects, but valu-
able for larger projects. However, this could also be a disadvantage when
it could contain unnecessary steps for the process.

In our previous studies about the frameworks, we could also see that they
all are iterative processes which is beneficial for Saab since they use Scrum
which is an iterative process. We could also see that CRISP-DM support
various data mining techniques by studying the above articles and the
article by Nuno Caetano Paulo Corte and Raul M. S. Laureano [16]. This
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due to that they use different techniques. One limitation we found with
CRISP-DM that was relevant to Saab is that the data preparation and
the modeling phases of streaming data are different from the traditional
static data mining because of its times-series nature [23]. This is a type of
data that could be used in signal processing and the specific case study
suggested by Saab. This different case of data may not be covered in
CRISP-DM documentation as it is made for a more general approach to
data mining [23].

When analyzing KDD, we could see that this framework also supports
different data mining techniques, for example neural networks. This by
studying the articles with case studies that used KDD [4] [6]. One limi-
tation of KDD is that it has no website or manual with clear instructions
about how to use the framework [19] [25]. This makes it harder to get
a clear view of how to use the framework without knowing data mining
from before. SEMMA however, has full documentation on SAS Enter-
prise MinerTM tool, where the framework of SEMMA is implemented.
This could though be a limitation, which is mentioned in the article by
Herman Jair Gémez Palacios et al. [8]. The framework is designed to
work with the SAS Enterprise MinerTM tool, but if a non-typical data
mining case shows up problem will undoubtedly arise [8]. Another limi-
tation is the lack of steps that take into account the business perspective
of the problem that both CRISP-DM and KDD has. However, SEMMA
does support a different kind of data mining techniques, including neural
network, which is shown in the document from SAS Institute Inc with
case studies [2].

An interesting fact found about the three frameworks was how much they
were used. Polls by KDNuggets [13], a leading site on business analytics,
big data, data mining, data Science, and machine learning, where found.
The polls showed that CRISP-DM was the most used framework, followed
by SEMMA and KDD. It is worth mentioning that the second most used
framework was own made. The result of the poll is shown below in Table
4.5.

Table 4.5: Polls from KDNuggets about the usage of the frameworks

Usage 43% 8.5% 7.5% 27.5%
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4.3 Evaluation method

The frameworks were evaluated by the evaluation criteria created in Sec-
tion 3.5. The following sections will present the evaluation of the frame-
works based on those criteria.

Can the framework manage data in the way that is required by
the specific case study suggested by Saab?

In this thesis, we have studied how neural networks work. However, to
truly understand how the data management of the different frameworks
will work with the specific case study, we realized we needed to implement
it and try it in a real project. This was outside the scope of this thesis.
Instead, we based this criterion on the theoretical analysis done above in
section 4.2.2.

In the analysis, we can see that all three frameworks can handle different
kind of data mining techniques, including neural networks. We could also
see in the comparison that all of the frameworks focus on data manage-
ment and that it is a big part in all of them. However, both CRISP-DM
and SEMMA are limited to typical cases of data mining. If this case
study goes outside the cases of data mining defined by CRISP-DM and
SEMMA are hard to say without trying it. We have not found any signif-
icant disadvantages of the KDD data management, but again it is hard
to guarantee that it will work without trying it.

In theory, we can not see that one framework should be better than the
others on this criteria. Therefore, we have not succeeded to get an answer
to the question above.

Does the framework take into account the business perspective
of the problem?

The comparison done above shows that SEMMA does not consist of any
phase that takes into account the business perspective of the problem.
This is a significant disadvantage for SEMMA. When looking at the
comparison between CRISP-DM and KDD, we can see that both of them
consist of phases that focuses on the business perspective.

Is the framework distinct in how to use it?

Both SEMMA and CRISP-DM offers a good website with clear instruc-
tions on how to use it. However, CRISP-DM’s clearly described process
gets the most positive comments in our studied articles. Which are under-
standable when reading the documentation of CRISP-DM. CRISP-DM
has one main task for each phase, which is then followed by different
subtasks that should be conducted before the main task is completed.
An example of the documentation and the clearly described phases are
shown in Appendix A.
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KDD does not offer a website with instructions, instead the guidelines
are based on a scientific article which makes KDD harder to follow and
understand than both CRISP-DM and SEMMA.

How can the framework be implemented into Saab’s developing
process?

During the semi-structured interviews, we gained knowledge about Saab’s
software development process. To implement machine learning, it is im-
portant to have an iterative framework so that the process is flexible and
can adapt to problems that can occur during the process. All the chosen
frameworks, CRISP-DM, SEMMA and KDD are iterative and can be
implemented into Saabs developing process. The iterative steps shown
in figures 2.1, 2.2 and 2.3 are examples of iterative steps that could occur
when conducting the different frameworks.

Table 4.6: Compilation of the evaluation method

Framework CRISP-DM ; SEMMA

Can the framework manage
data in the way that is
required by the specific
case study suggested by
Saab?
Does the framework take Yes No Yes
into account the business
perspective of the

problem?
Is the framework distinct in Yes Yes Not as distinct as CRISP-DM
how to use it? and SEMMA
Can the framework be Yes Yes Yes

implemented into Saab's
developing process?
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Conclusion

This chapter gives the conclusion on which framework we find suitable
for the comparative study of the thesis. This chapter presents our overall
conclusion, discussion, limitations of the study and future work.

This thesis was done together with Saab Surveillance in Jarfilla. The
problem solved by this thesis was which of the frameworks CRISP-DM,
SEMMA and KDD are suitable for implementing machine learning in
signal processing when developing software for a radar warning system.

5.1 Conclusion

In this thesis, we have met all our objectives. We have conducted a
literature study to gain useful knowledge. Semi-structured interviews
have been held to get more profound insights into Saab as a company
and their prerequisites on the framework. An evaluation method has
been created and all chosen frameworks were evaluated. A compilation
of the evaluation method can be seen in Figure 4.6 below.

This resulted in a conclusion that CRISP-DM is the most suitable frame-
work for Saab because it originates from a business perspective, it is an
iterative method and it is easy to implement into the developing processes
Saab uses today. CRISP-DM is also well structured with well-defined
steps. Polls show that CRISP-DM is one of the most used frameworks,
which we think strengthens our conclusion.

30
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However, it is an uncertain result due to that we did not manage to find
an answer to the criteria if the framework can manage data in the way
that is required by the specific case study suggested by Saab. This made
our result to take a more general approach and not the specific approach
that Saab suggested.

To further investigate the frameworks and make a more certain result an
implementation of machine learning is required.

5.2 Discussion

Implementing machine learning is a complex process and it is important
to understand the process. There are several common pitfalls that soft-
ware development teams encounter during the process without a frame-
work. Therefore, it is important to follow a thorough framework to make
sure the common errors are avoided.

When following a strict framework, like CRISP-DM, the developers may
lose some creativity, since they are bound to each step in the process.
The company therefore, needs to find a balance between making sure the
steps are followed and encourage the developers to use their creativity.

An interesting thing found in the study was the usage of the different
frameworks. The most used one was CRISP-DM, but the second most
common framework was own made. Maybe that is an indication that the
perfect framework for all machine learning areas does not exist and that
some modification of the already existing frameworks must be done to
fit some specific problems.

In our search for case studies for our area, many articles showed up that
were extending existing frameworks with steps to make it better and fit
their exact areas. A speculation from us is that a company needs a good
standard framework which will fit the standard tasks in the company.
But it also has to be easy to modify for some non-ordinary task. The
high usage of CRISP-DM is perhaps because of this, that is applicable to
most problems, but that it is also possible to modify it to fit non-ordinary
tasks.
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5.3 Limitations of the study

In our study, there are limitations which can affect the result and our
conclusion. Since this subject is very new and no standardized tools
have been adopted by the public, it is hard to find a common source of
information, which possibly could have affected our work.

CRISP-DM was the most used method, there exists many sources and
case studies that used CRISP-DM. The number of studies about KDD
and SEMMA was much smaller. This can affect the study when it is
much easier to find information about CRISP-DM and a lot harder with
the other frameworks.

Another limitation of the thesis is that only three frameworks were eval-
uated. It exists more frameworks than just CRISP-DM, SEMMA and
KDD in the area of software development. There is a possibility that
with evaluating more or other frameworks another result could have been
reached. Also, no implementation of machine learning has been done to
test the framework and verify our result. If this were to be done it is also
possible that another result could have been reached.

5.4 Future Work

Suggestion to future work is to test CRISP-DM and work through all
steps, evaluate if all steps are necessary for Saab and find out what
changes needs to be made in the framework to fit Saab and their needs.
To further test our result we suggest doing the same thing using KDD
and then choose which one is the most suitable for Saab. An evaluation
of how time-consuming the different methods are also relevant.
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Figure 1: Detailed view of the phases in CRISP-DM |
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