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Abstract

The Active Safety department of Volvo Cars Corporation (VCC) has identified false
positive events in the vehicle read-outs of data from customer vehicles in the past
three years. The false-positive signals play a major role in the automatic braking of
the vehicle. The task is to come up with a classification algorithm based on machine
learning which can find patterns in data that are classified as a true positive or false
positive. In addition, the scenarios or the patterns under which the event is wrongly
classified as false positive are to be found to improve AEB (Automatic Emergency
Braking) performance.
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Introduction

1.1 What is active safety?

The purpose of an Active safety system is to give support to avoid or mitigate an
accident before it happens sometimes even without human intervention. The term
"Active Safety"' is being used to describe a system that has an understanding of
the state of the vehicle to both avoid and minimize the effects of a crash. These
include braking systems, like brake assist, traction control systems, and electronic
stability control systems, that interpret signals from various sensors to help the
driver control the vehicle. Additionally, forward-looking, sensor-based systems such
as advanced driver-assistance systems including adaptive cruise control and collision
warning/avoidance/mitigation systems are also considered as active safety systems
under this definition [1].

Figure 1.1: Active safety in volvo cars



1. Introduction

The impact of Active Safety systems on human life can be better understood by
the statistics. The road fatalities in European Union (EU) were 54,900 in 2001 and
have been reduced to less than 25,000 in 2020, although around 60 million cars were
added on road in the same period [2]. Currently, the number of fatalities per million
in the European Union (EU) is only 49 whereas the global average is 174 fatalities
per million, proving that the EU has the safest roads in the world. To achieve the
vision of zero traffic fatalities in the future, the European Union (EU) automotive
industry is heavily investing in research and development of Active Safety Systems
to make the vehicles even safer.

Levels of Driving Automation is defined by the Society of Automotive Engineers
(SAE)[3]. Currently, Conditional automation of vehicles level 3 is achieved where
the vehicle is in full control in some situations, monitors the road and traffic, and
will inform the driver when he or she must take control. According to the definition
given by SAE, level 4 autonomous driving vehicles should be able to drive for the
entire trip in most conditions and at level 5 the vehicle should take full control for
the entire trip in all conditions. Therefore, Active Safety System is expected to
play an increasing role in collision avoidance and mitigation in the future of the
automobile industry to reach autonomous levels of 3, 4, or 5 to ensure the safety of
the passengers.

1.2 Problem definition

The Active Safety department of Volvo Cars Corporation (VCC) has identified false
positive events in the vehicle read-outs of data from customer vehicles in the past
three years. The false-positive signals play a major role in the automatic braking of
the vehicle. The task is to come up with a classification algorithm based on machine
learning which can identify patterns in data that are classified as a true positive or
false positive. By this pattern, the scenarios or the patterns under which the event
is wrongly classified as true positive are to be found to improve AEB(Automatic
Emergency Braking) performance.

Event: An event in our thesis work refers to the occurrence of auto-braking of
the vehicle.

True Positive events -An event where the vehicle correctly predicts the possibil-

ity of a collision and decides to auto break.

False Positive events - An event where the vehicle wrongly predicts the possibility
of a collision and decides to auto break.

1.3 Goal

The goal is to develop classification algorithms based on machine learning using the
Active safety(AS) signals registered on the logger as data that can identify patterns

2



1. Introduction

in the data that are crucial for true/false triggering and can be used on future data.
It is desired to determine if the pattern recognition can be done using machine learn-
ing for the available dataset and if yes, then find those patterns.

Understanding the available data, preprocessing, applying different algorithms, and
tuning the hyperparameters to obtain the best possible results are the challenges
faced.

1.4 Data description

The data used for the thesis work is provided by Volvo Cars Corporation(VCC). The
Active Safety department of VCC has identified false positive events in the vehicle
read-outs of data from customer vehicles in the past three years, from 2017-to 2020.
The provided data is based on quarters starting from the year 2017 first quarter to
2020 first quarter(13 quarters in total). During these 13 quarters, VCC has deployed
6 different versions of software. Hence the data is segregated into six sets based on
the software version of the vehicle. The folder of each quarter has the subfolders
containing CSV files regarding the events that happened in that particular quarter.
Along with the event subfolders, there is a CSV file for each quarter, which holds
the read-out ids, row numbers, classification type of the event, and many more in-
formation related to every event of that quarter. The subfolders are named based
on the readout id and row number as mentioned in the CSV file for each quarter.

Each subfolder in a quarter contains data regarding one or more events, depending
upon how many events were registered by the particular vehicle readout.

1.5 Limitations

Customer data is limited in sample frequency /time including the number of signals,
and thereby not potentially as efficient as development logs, but contains enough
information to create an adequate classification method.

The data available for training the model might not be balanced. That is, the
number of events corresponding to the two classes (True-Positive, False-Positive)

might not be the same. This has to be taken care of while training the particular
model.

1.6 Research questions

o How can the events leading to True positive/ False positive be identified using
machine learning algorithms?

o Which machine learning algorithm performs better in classifying the events?
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o Is it possible to find complex or simple patterns that VCC has not yet easily
found? Why/why not? What recommendation do we have for VCC to analyze
data better in the future to improve the performance of the AEB system?

1.7 Hardware and software used

For hardware, we use a windows 10 64-bit operating system with an x64-based
processor. Intel(R) Core(TM) i5-8365U CPU @ 1.60GHz 1.90 GHz. we used one
GPU-enabled virtual machine provided by VCC as well for machine learning model
training to reduce the processing time.

For software, we use Python 3.9 integrated with Jupyter Notebook(Anaconda3)
for data preprocessing & machine learning models and Tableau 2020.2 for finding
additional patterns in given data sets.

1.8 Report outline

The first chapter gives a brief introduction to active safety systems, problem defini-
tion, and goal of this thesis work. The second chapter explains more about the data
set used for this thesis and elaborates on the importance of data cleansing before
starting any analysis of the available data. Since the feature space is huge and the
major information about the data is hidden in only a few features, it is important
to apply dimension reduction techniques and reduce the feature space. The theory
behind dimension reduction techniques are discussed in chapter 3 along with the
practical implementation.

After the feature space is reduced, the data associated with the selected features are
considered for further analysis. The preprocessing methods on the reduced dataset
are discussed in chapter 4. After the preprocessing, various machine learning al-
gorithms used for classification are analyzed in chapter 5. Since the aim is to find
out the reason for the occurrence of false-positive events, the pattern recognition
techniques are discussed in chapter 6. Finally, chapter 7 summarises the thesis work
along with suggestions for future work.
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Data Cleansing and Preprocessing

2.1 Data cleansing

Dean Abbot, the co-founder and Chief data scientist at Smarter HQ, feels that "No
data is clean, but most are useful". Data cleansing is the first and most important
process before beginning any further analysis to gain insights about the data. It
is the process of identifying the data which is relevant from different files/folders
and replacing or modifying it according to the requirement [4]. This process will
not tamper with any information in the data, but fetch the relevant data from
different sources and put them all together for further analysis. As a machine
learning engineer, the challenge is to study and understand the data thoroughly and
then decide what data is important and needed for getting useful insights about the
data.

Import
»"  Data ey
Merge
Export B
Data Data
Sets
S \
. Rebuild
Verify & ' ‘{ dal
Enrich : DaR g
Data
De- Standardise
Duplicate Data
%y Normalise

Data

Figure 2.1: Data cleansing



2. Data Cleansing and Preprocessing

2.1.1 Description of available dataset

The data available from Diagnostic Readout(DRO) which is the information in the
car available for readout through standardized diagnostic communication protocols
which is the data provided to us had 13 DRO files corresponding to 13 quarters
and 13 folders, containing data of each quarter. Each DRO file had 77 columns
containing information such as vehicle system, event type, host speed, object type,
map location, and so on. Every event had an event ID mentioned in the DRO file,
along with the buffer number. Event ID and buffer number were important features
since the 13 folders containing the data of 13 quarters were named based on event
ID. The buffer number signifies the number of events recorded in the readout having
a particular event ID. Buffer number in each readout varies from 1 to 3 depending
upon the number of events registered in that particular readout.

Every folder with a unique readout ID contained prel, pre2, single, postl, post2,
metadata, statistics, and vehicle global data in the form of comma-separated values
(CSV) files. "prel" and "pre2" are the CSV files containing data of all active safety
signals 4 seconds before the occurrence of the event. The data is registered at the
frequency of 5 Hz. So the total number of samples saved before the occurrence of the
event is 20. "Single" file contains information of active safety signals at the instant of
occurrence of the event. Similarly, "post1" and "post2" are the CSV files containing
data of all active safety signals 4 seconds after the occurrence of the event. The
data is registered at the frequency of 5 Hz. So the total number of samples saved
before and after the occurrence of the event is 20. So, Whenever an event of auto
braking occurs, 20 samples of active safety signals are logged before and after the
event, along with the data samples at the instant of event occurrence. The require-
ment was to first merge "prel" with "pre2" and postl with post2 column-wise and
then have the readout ID and classification of the respective event in the respective
merged CSV files. All such prel+pre2, postl+post2 merged files would be merged
row-wise for every quarter. There are different software versions in different quarters
as mentioned in the vehicle global data'. The task is to analyze the data in differ-
ent software versions separately and build classification algorithms using machine
learning and try to find out the patterns in the data collected in different software
versions.

2.1.2 Data cleansing using python

The data cleansing is done in Python, using Jupyter notebook. First, the Pandas
library is imported. The path for the DRO file of the first quarter is loaded into
the Jupyter notebook. Upon loading the DRO file, only the columns "Readout ID",
"Buffer number" and "Classification" are extracted and saved in different variables.
This information is stored in nested lists named as "list a', each list containing
four elements namely, "Year", "Row number", "Buffer number", and "Classification".
Next, the path to the folder containing data of the first quarter is loaded into Jupyter
notebook. Using the Python package "os", the contents in the directory are listed
and assigned a variable name. Since the sub-folders are named based on the year

6



2. Data Cleansing and Preprocessing

of occurrence and row number, now the years and row numbers are extracted and
saved in nested lists named as "list b". Each list contains two elements namely,
"Year" and "Row number". The two nested lists "list a" and "list b" are compared for
their respective "Year" and "Row number'. Every time these two elements match
in the "list a" and "list b", the code gets into a loop to match the "buffer number'
from "list a" to fetch the exact event. Once the event identified correctly, the respec-
tive "prel", "pre2", "postl’, "post2" and "single" files are loaded into the data frame.
"Readout ID", "row number" and "Classification" columns are added to "prel" and
merged with "pre2" column-wise and saved as CSV file. Similarly, ""Readout ID",
'row number" and "Classification" columns are added to "postl" and merged with
"post2" column-wise and saved as CSV file. "Readout ID", "row number" and "Clas-
sification" columns are added to "single" file and saved it as CSV file. The same is
repeated for all quarters.

Once the above process was done on all quarters, it was observed that there were 6
different software versions in the given dataset as mentioned in the "vehicle global
data" CSV file. So, the quarters having similar software versions were grouped to-
gether for further analysis.

The required information from the DRO file was "Readout ID", "Buffer number'
and "Classification". The remaining columns in the DRO file were neglected for this
analysis. This fetched data from the DRO file was merged with the respective "prel"
and "pre2" merged file, "postl"’, "post2" merged file, and "single" file.

2.2 Data preprocessing

Data preprocessing is a method of transforming the raw form of data into the
machine-understandable format. The data collected in many real-world situations
are either incomplete, prone to contain errors, include categorical data, different
columns will be having different scales, and so on [5] .

Steps involved in Data Preprocessing are:

Checking for
. missing
Import Import values l Checking for

Libraries data i > categorical
data

! validation and

evaluation

Feature sets

Scaling

Figure 2.2: Steps involved in data pre-processing
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2.2.1 Importing libraries

from sklearn import datasets

import matplotlib.pyplet as plt

import numpy as np

import pandas as pd

#matplotlib inline

from sklearn.preprocessing import scale # Data scaling
from sklearn impeort decomposition #PCA

import pandas as pd # pandas

from sklearn.decomposition import PCA

from sklearn.preprocessing import StandardScaler

Figure 2.3: Example of importing libraries

The libraries used for data preprocessing are different packages in scikit-learn namely
train test split, NumPy, preprocessing, SimpleImputer, standard scalar, and one hot
encoder.

2.2.2 Importing data

The data was imported in Jupyter Notebook using Pandas library. The command
"pd.readcsv" was used for importing dataset. It is important to note that, there were
situations where the file was separated by a semicolon instead of a comma. Also,
sometimes the header was made equal to "none" and the first row was neglected in
order to read the file in a required form. The data files contain "signals" and "name'
as the first row, which needs to be neglected while analyzing the file.

2.2.3 Checking for missing values

The data collected from real-world applications often tend to have missing values.
This might be because of loss of information, data corruption, or failure to record
data. As many machine learning algorithms fail to analyze the data containing
missing values, it is important that the missing values are treated before any fur-
ther analysis. In our case, less than 2% dataset had missing values and we totally
neglect that event for further analysis. There are various ways of handling missing
data issues [6].
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Classification signall signal2 signal3 signald  signal 5

TRUE 1.5 100 0.2 12.5 0.5
TRUE 2 63 0.5 13.6 11
FALSE MNaM a7 0.2 11.3 14
TRUE 2.3 70 0.6 12.3 MalM
FALSE 3.5 96 1.3 13.3 0.65
FALSE 14 MNaM 0.6 14.2 1.21
FALSE 2.6 84 0.9 12.3 1.2
TRUE 3.2 79 0.3 13.5 0.7

Figure 2.4: Example for missing values in dataset

2.2.3.1 Deleting rows with missing values

Deleting the entire row containing missing values in one or more columns is one way
of handling the missing value problem. It works effectively only if the percentage
of missing values is less, which may be around 5 percent. The machine learning
model trained on data treated with removal of the row having missing values will
be robust and gives better results. Hence this method of treating the missing values
was employed in this thesis work.

2.2.3.2 Replacing missing values with mean or median

If it is not desired to delete the entire row as the percentage of missing values is
considerably high, then the missing values can be replaced by the mean or median
of that particular column. This method works well on the smaller dataset, is easy
to implement, and prevents the loss of data. On the other hand, this method works
well only on a numerical continuous variable. Hence this method was not used in
this thesis work.

2.2.3.3 Replacing for categorical columns

If the value is missing from categorical columns, then it can be replaced with the most
frequently occurring category. If the percentage of missing values in the categorical
column is considerably high, then a new category can be added. Since no such issue
was faced in this thesis work, it was not used.

The library "Sci-Kit learn" contains a package called "Simplelmputer'. According
to the documentation of the Sci-Kit learn library, the Simplelmputer class provides
basic strategies for imputing missing values. Missing values can be imputed with a
provided constant value, or using the statistics (mean, median, or most frequent)
of each column in which the missing values are located. This class also allows for
different missing values encoding. It was chosen to neglect the rows with missing
values during this thesis work since the dataset was very large and the number of
missing data was considerably less.
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2.2.4 Checking for categorical data

Since the machine learning model expects only the numeric data for training, testing
and validation, there is a need to convert the categorical data into numeric data.
'"One hot encoding' is one famous method of converting categorical data into the
new categorical column and allot a binary value of 1 or 0 to those columns. In this
thesis work, "Classification" was the categorical data with labels "True" and "False".
This data was one hot encoded suitably to fit the data for applying machine learning
algorithms [7].

Classification One hot encoding

TRUE 1 0
TRUE 1 0
FALSE 0 1
TRUE 1 0
FALSE 0 1
FALSE 0 1
FALSE 0 1
TRUE 1 0

Figure 2.5: Example for one hot encoding

For the machine learning classification models, as explained in the data cleansing
section, only the "Classification" column selected from the DRO file was the categori-
cal data. The one-hot encoding technique was used to convert the True category into
10 and the False category into 01. This was achieved by importing OneHotEncoder
from sklearn.preprocessing library.

2.2.5 Feature scaling

Feature Scaling is a technique to standardize the independent variables or features
present in the data in a fixed range. feature scaling not only brings all variables in
the same scale but also increases the speed of calculations in the algorithm [8]. The
most commonly used methods for feature scaling are,

10



2. Data Cleansing and Preprocessing

Figure 2.6: Example for feature scaling

2.2.5.1 Normalization

It is a technique where the range of features is re-scaled to the range [0,1]. The
formula for normalization is given by,

O min(x) (2.1)

max(z) — min(x)

max(x) is the maximum value and min(x) is the minimum value of the feature. The
range can also be other than [0,1] depending on the application. Normalization is
a preferred way of feature scaling when the data does not follow a Gaussian distri-
bution. This technique is also preferred for data normalization in image processing.
In our thesis work, the Normalization technique is used in the low variance filter
method, which is one of the dimension reduction techniques as explained in the
previous chapter under section 3.1.0.2.

2.2.5.2 Standardization

Standardization is the feature scaling technique used when it is desired to transform
the data to have zero mean and unit variance. The formula used to calculate the
value of each data point in a feature after calculating standard deviation and mean
is,

r = (2.2)

Where  is the mean of the feature and o is the standard deviation of the feature.
Standardization is usually preferred when the data follows a Gaussian distribution,
which need not be necessary all the time. Even if there are outliers in the data,
they won’t be affected by standardizing the data. Also, Standardization is the best-
suited feature scaling technique when using Principal Component Analysis, since
the focus is on the components that maximize the variance. In the previous chapter
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2. Data Cleansing and Preprocessing

where dimension reduction techniques are discussed, Principal Component Analysis
is discussed in detail.

out of all the available feature scaling techniques, Standardization is used for this
thesis work, as explained above. According to the documentation of the scikit-learn
library, Standardization of data sets is a common requirement for many machine
learning estimators implemented in scikit-learn; they might behave badly if the
individual features do not more or less look like standard normally distributed data:
Gaussian with zero mean and unit variance. The preprocessing module provides
the StandardScaler utility class, which is a quick and easy way to perform the
Standardization of every feature in the data sets.

2.2.6 Splitting the data set

Separating data into training, validation, and testing sets is an important part
of evaluating machine learning models. The train-test split procedure is used to
estimate the performance of machine learning algorithms when they are used to
make predictions on data not used to train the model. The train-test split procedure
is appropriate when the dataset is very large and requires a good estimate of model
performance quickly [9].

Available Data
|
/

Training Testing

New Available Data

)

Training Validation Testing

Figure 2.7: Example of splitting the data

From sklearn.model selection library, train test split is imported. The data is split
into training, validation, and test data randomly in the ratio of 0.6, 0.2, 0.2 respec-
tively. The training data is only used to train the machine learning models and the
validation set is used to validate the models. Once the training and validation are
done satisfactorily, the model can be tested on the test data and the performance
matrices can be used to analyze the performance of the model. There are various
performance models depending upon the application and whether the dataset is
balanced or not.

12



2. Data Cleansing and Preprocessing

2.3 Conclusion

At the end of data preprocessing, the data was free from missing values, all categor-
ical data were one-hot encoded, all the features in the dataset were standardized to
have zero mean and unit variance. The dataset was split into training, validation,
and test sets to feed them to the machine learning algorithms.
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3

Dimension reduction techniques

Criag Mundai, senior advisor to the CEO at Microsoft has rightly mentioned that "
Data are becoming the new raw material to the business ". Every industry is moving
towards automation involving more and more sensors, increasing the amount of data
collected every single day. Not all the data collected can be useful for analyzing the
trend in the business or finding a pattern in the way the system behaves. In order to
get meaningful insights from such data sets, their dimensional should be significantly
reduced in a way that most of the information in the data is still preserved. Many
dimension reduction techniques have been developed for this purpose, most widely
used techniques are Principle Component Analysis, Low variance filter method,
forward feature selection method, and backward feature elimination method.

3.1 Principle component analysis(PCA)

Principal component analysis (PCA) is one of the oldest and most widely used
dimension reduction techniques where the number of features of a dataset is reduced
while preserving as much ‘variability’ (i.e. statistical information) as possible [10].

3.1.1 Terminology in PCA

Dimensions/ Feature space: It is the number of features in dataset.

Correlation: It is the parameter that indicates how strongly two variables are
related to each other. The value of co-relation varies between -1 to +1. Positive
correlation implies that the increment in one feature results in an increase in the
other as well. While the negative correlation indicates that if one feature decreases,
the other one increases.

Orthogonal: The features are uncorrelated to each other indicating that the cor-
relation between any pair of variables is 0.

Eigen vectors: If v is a non-zero vector and A is a square matrix, then the vector
v is regarded as an eigen vector of A, if Av is a scalar multiple of v.

Av = v (3.1)
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3.1.2 How does PCA work?

The idea behind principal component analysis (PCA) is to select only those features
in the dataset which are correlated with each other while retaining the variation
present in the dataset up to the maximum extent to make sure the essence of the
data is still preserved. This is achieved by computing principal components which
new set of variables obtained by transforming the original features. Hence the vari-
ance of data in the direction of the first principal component is maximum, retaining
the maximum variation that was present in the original components. The princi-
pal components are nothing but the eigenvectors of a covariance matrix and are
orthogonal to each other.

A
PC1
xxx
PC2 "x
x
X, X x %
X a x
X
>
Xy

Figure 3.1: Principle component analysis

3.1.3 PCA using python

The principle component analysis was implemented in Python using Jupyter note-
book. The libraries used as Sci-kit learn, Pandas and matplotlib. The PCA is
performed separately on pre-data and post-data. For the analysis of pre-data, the
path to the pre-file is loaded into the notebook. Using Pandas, the file is loaded into
the data frame. The columns "Readout ID", "Buffer number', "Row number" are
dropped from the data frame since they are not needed for the analysis. The "Classi-
fication" column is also dropped since PCA is an up-supervised dimension reduction
technique. The remaining data is now applied with standardization technique, to
convert all the features into data having zero mean and unit variance.

The Sci-kit learn library has an inbuilt package for PCA under "sklearn.decomposition”.
The PCA will produce the loadings for all principle components. The number of
principle components is equal to the number of features available in the data. In
our case, the total number of signals in the pre-file was 266, hence there were 266
principle components observed. When the explained variance for the pre-data was
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observed, 80 percent of the data was covered by the first 40 principle components,
as shown in the image.
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Figure 3.2: explained variance Vs principle components

Thus, the loading’s for the first 40 principle components were analyzed and the
signals having the largest loading value in each principle component were selected.

3.2 Low variance filter method

A low variance filter is another dimension reduction technique that depends on the
variance of data available in each column. The major difference between PCA and
low variance filter method is, the data is subjected to normalization before calculat-
ing the variance unlike the standardization method in PCA. This is due to the fact
that the low variance filter method wants to preserve the variance of the original
data but standardization will force the data to have zero mean and unit variance
[11]. In case a particular feature contains a constant value, the variance of such
feature would be zero and that feature would be of no help in finding a pattern in
the data to classify it into different groups. As a result, the Low Variance Filter
method computes the variance of each feature and removes those features with a
variance value below a selected threshold.

The variance of a feature can only be computed for numerical columns. Hence, this
method of dimension reduction can be applied only to features containing numer-
ical values. Hence, preprocessing plays an important role if there are categorical
variables. Also, the variance of a feature depends on the range of numerical data.
Therefore the range of data needs to be normalized before computing their vari-
ance. By doing so, variance values will be made independent from the column
domain range.
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3.2.1 Low variance using python

The Low variance filter method was implemented in Python using Jupyter note-
book. The libraries used as Sci-kit learn, Pandas and matplotlib. The Low variance
filter method is performed separately on pre-data and post-data. For the analysis
of pre-data, the path to the pre-file is loaded into the notebook. Using Pandas,
the file is loaded into the data frame. The columns "Readout ID", "Buffer number",
"Row number" are dropped from the data frame since they are not needed for the
analysis. The "Classification" column is also dropped since the method is purely
based on the variance of each feature and does not depend on the classification la-
bel. The remaining data is now applied with the normalization technique instead of
standardization since the intention is not to tamper with the original variance value
of each feature.

The threshold for the low variance filter method was set by trial and error, to make
sure that the signals with top 50 variance values are selected for further analysis.

3.3 Conclusion

The result of dimension reduction is that the features containing the maximum in-
formation in the dataset are detected and the data associated with only the selected
signals are considered for further analysis. By making use of dimension reduction
techniques, the feature space is reduced from 266 to less than 50. This prevents
overfitting of machine learning models and helps in better training of model result-
ing in getting more accurate classification results.

There were 38 signals from the pre-file, 48 signals from the post-file suggested by
VCC as important signals during the thesis work. We found that, out of 70 post
signals selected by the PCA method, 28 were matching with the post signals sug-
gested by VCC. 24 out of 70 pre signals from the PCA method were matching with
pre signals suggested by VCC.

We also found that, out of 75 post signals selected by the low variance filter method,
25 were matching with the post signals suggested by VCC. 29 out of 70 pre signals
from the low variance method were matching with pre signals suggested by VCC.

These two dimension reduction techniques are purely based on "how widely the data
is spread in each feature'. In other words, if the range of spread or the difference
between the minimum and maximum value of a feature is high, it has a high variance
and that feature will be selected. While applying dimension reduction techniques,
the data is analyzed by the two methods and the output of both the methods were
the names of the features which are statistically significant. The data related to
Only those features were fetched by the code and this subset of the original data
was used for further analysis. Hence the dimension reduction techniques did alter
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the values of features from the original data.

There are possibilities of selecting wrong signals and neglecting important signals
since it purely depends upon their variance. Thus these dimension reduction tech-
niques can not be completely trusted and it is better to have the domain-specific
knowledge or discuss the results with the domain expert and then remove the signals
with a high variance that do not make sense at all and include the signals suggested
by the domain expert.

If the signals are selected purely based on these two methods, possibilities are few less
significant signals might be selected and a few important signals might be neglected.
We do not have any measure to quantify the effect of selecting less important signals
and/or neglecting significant signals on pattern recognition. Careful scrutiny of
signals suggested by these methods by a domain expert is suggested.
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4

Convolutional neural networks in
classification

4.1 Convolutional neural networks (CNN)

4.1.1 Terminologies used in CNN

Input layer: The layer through which the data is fed into the network.

Convolutional layer: The layers where kernels are applied to the original im-
age and features are extracted.

Pooling layer: The layers which reduce the dimensions of the feature maps.

Fully connected layer: The output from the final Pooling layer will be the input
to the fully connected layer. This is used to flatten the data and then feed it into
the deep neural network.

Output layer: The layer through which the network comes up with the decision
regarding the input.

A Convolutional neural network (CNN) has one or more convolutional layers, pool-
ing layers, fully connected layers followed by a deep neural network. CNN’s are used
in image recognition and processing that are specifically designed to process pixel
data. The application of CNN’s is mainly in image processing, classification, and
segmentation [12].
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Figure 4.1: Example of a convolutional neural network

4.2 CNN for classification using python

Since the Convolutional Neural Networks perform better at recognizing patterns
and classifying the images into different groups after training the model with the
training dataset, the idea was to use CNN’s to build a model to classify events into
truly positive and false positive. The task was to convert the CSV file of each event
into an image with respective True-positive and False-positive labels, build the CNN
model by choosing the appropriate hyperparameters, train and validate the model
and test it on the new data which was not used for training. The following steps
were involved:

Checking for missing values: Since the data was already preprocessed in the
previous step, there were no missing values found.

Normalizing the data: The numeric data of each event had to be normalized
between 0 to 255. It was desired to convert each of the event CSV files into an 8-bit
color image where the maximum number of colors that can be displayed at any one
time is 256. Using the MinmaxScaler package, the data was normalized between 0
to 255.

Figure 4.2: The image obtained by converting CSV file into 8-bit image

Building and training the CNN model: Using the ImageGenerator package,
the hyperparameters "target size" and "classes" were fed into the model. The batch
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size was selected to be 30.

4.3 Results of classification using CNN

The model was trained and validated on the images obtained after converting every
event data from the CSV file into an 8-bit image. The accuracy of the model was
around 50 percent. The performance of CNN was poor and the trained model com-
pletely failed to classify the events into True-positive and False-positive.

This poor performance of CNN can be explained as follows.

representation el .. translated
- - « "a" | representation

) translated
image image

Figure 4.3: Example of translation invariance in CNN

Convolutional Neural Networks are designed to be translation invariant. Meaning,
CNN'’s are not sensitive to the position of an object in the image. Even if the input
image is translated, the CNN can still detect the class to which the input belongs
to [13].

When the event data was converted from CSV files to images, the images from
different events were behaving as if they were translated images of a single image.
There was no proper decision boundary for CNN to learn the True-positive and
False-positive events and understand the difference. Hence, using CNN to train the
model to classify the events into True-positive and False-positive was not successful.

The rule of thumb is to use images of at least 256x256 pixels for CNN’s for better
results. The images used in our work were 20x266, without dimension reduction. If
the dimension reduction was applied to original data and then the data with only
selected signals were converted into images, it would be of an even smaller size.
Hence, this technique of converting data into images might give better results with
more pixels, but not recommended for any future works with similar data. CNN’s
are used for object detection, image segmentation, and pattern recognition on im-
ages with high resolution.

23



4. Convolutional neural networks in classification

24



O

Machine learning in classification

A common job of machine learning algorithms is to recognize objects and being
able to separate them into categories. This process is called classification, and it
helps us segregate vast quantities of data into discrete values, i.e.distinct, like 0/1,
True/False, or a pre-defined output label class. Machine learning is divided into
three different types of algorithms as follow:

! Machine Learning Algorithms
I
[ | |
Supervised Unsupervised Reinforcement
Learning Learning Learning

Figure 5.1: Types of machine learning algorithms

5.1 What is classification in machine learning

Before we dive into Classification, let’s take a look at what Supervised Learning is.
In a supervised technique where a computer program learns from the given dataset
and gives us some new observations or classifications[15]. Suppose you are trying
to learn a new concept in maths and after solving a problem, you may refer to the
solutions to see if you were right or not. Once you are confident in your ability to
solve a particular type of problem, you will stop referring to the answers and solve
the questions put before you by yourself.

This is also how Supervised Learning works with machine learning models. In
Supervised Learning, the model learns by example. Along with our input variable,
we also give our model the corresponding correct labels. While training, the model
gets to look at which label corresponds to our data and hence can find patterns
between our data and those labels.

Some examples of Supervised Learning include:
o It classifies spam Detection by teaching a model of what mail is spam and not

spam.
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o Speech recognition where you teach a machine to recognize your voice.

» Object recognition by showing a machine what an object looks like and having
it pick that object from among other objects.

Supervised Learning

' Classification ' Regression

Figure 5.2: Types of supervised learning

Classification is a supervised technique to categorize our training dataset into a de-
sired and distinct number of classes where we can assign a label to each class. It
can be either performed on both structured and unstructured data. The process
starts with predicting, recognizing, understanding, and grouping the class of a given
dataset into preset classes. The classes are often referred to as target, label, or
categories|[16].

The classification predictive modeling is the task of approximating the mapping
function from input variables to discrete output variables. The main goal is to iden-
tify which class/category the new data will fall into. In other words, classification
can also be used for pattern recognition to find some patterns (True positive or
False positive events) in training data sets. Also, we will explore more classification
algorithms in detail and see how they perform based on some classification metrics.

5.2 Classification terminologies in machine learn-
ing

To avoid some confusion due to ambiguity, here are some of the terms that will be
used in upcoming sections:
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Classifier It is an algorithm that is used to map the input
data to a specific category.
Classification model The model predicts or draws a conclusion to the

input data given for training, it will predict the
class or category for the data.

Feature A feature is an individual measurable property of
the phenomenon being observed.
Binary classification It is a type of classification with two outcomes,

for eg — either true or false.

Multi-class classification | The classification with more than two classes, in
multi-class classification each sample is assigned to
one and only one label or target.

Multi-label classification | This is a type of classification where each sample is
assigned to a set of labels or targets.

Initialize It is to assign the classifier to be used for the
model to be trained
Train the classifier Each classifier in sci-kit learn uses the fit(X, y)

method to fit the model for training the train X
and train label y.

Predict the target For an unlabeled observation X, the predict(X)
method returns predicted label y.
Evaluate This basically means the evaluation of the model

i.e classification report, accuracy score, etc.

Table 5.1: Classification Terminologies in Machine Learning

5.3 Classification algorithms

From the literature review, we conclude that the following five algorithms are good
at classification problems hence the selection.

5.3.1 Logistic regression

Logistic Regression, the word itself termed as regression but it performs classification
based on regression and classifies dependent variables into either of the class. It is a
model which makes predictions using a logistic function to find dependency between
output and input variables[17]. That’s why this model is called a significant machine
learning algorithm since it can give the probabilities and able to classify new data by
using the discrete and continuous dataset, this is in contrast to linear regression but
it doesn’t require a linear regression between dependent and independent variables.
The name "Logistic Regression" is derived from the concept of a logistic function
and is used for solving classification problems. The value of logistic function varies
from 0 to 1 as an "S" shaped logistic function[18]. This function is also known as
the sigmoid function. the curve in the logistic function from Figure 5.3 represents
the likelihood of whether the event is True positive or False positive

27



5. Machine learning in classification

A

— S-Curve

y=0.8
05 |===rm=mmmermccc e

Threshold Value

y=0.3

0-.—.-.—.—.

»x

Figure 5.3: Sigmoid logistic function

Logistic regression equation: This can be obtained from the Linear regression
equation. The steps are as follow:
o the equation of straight line can be written as:

Yy = bo + b1$1 + bzl‘g + 631‘3 + ...+ bnl‘n (51)

o In Logistic Regression y can be between 0 and 1 only, so for this let’s divide

the above equation by (1-y):
Y
— 5.2
— (52)
e where 0 for y = 0 and oo for y = 1, but we need —oo to 400, so we can take
log of this equation:

ZOQ[&J] = by + b1x1 + baxa + b3z + ... + by (5.3)

This equation 5.3 can be considered as a Logistic regression equation and can do
further analysis. There are three types of logistic regression based on the categories:

e Binomial: In binomial Logistic regression, there can be only two possible
types of the dependent variables, such as 0 or 1, True or False, etc.

e Multinomial: In multinomial Logistic regression, there can be 3 or more
possible unordered types of the dependent variable.

e Ordinal: In ordinal Logistic regression, there can be 3 or more possible or-
dered types of dependent variables

Some assumptions for logistic regression are:
e The dependent variable must be categorical.
e The independent variable should not have multi-co-linearity.
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5.3.2 k-nearest neighbors (K-NN)

A popular supervised machine learning algorithm is used for solving a classification
problem. k-NN stands for "k-Nearest Neighbors" and it is one of the simplest classi-
fication algorithms which is used to identify the data points that are separated into
several classes to predict the classification of a new sample point. k-NN is also called
the non-parametric, lazy learning algorithm. To understand k-NN better here is an
example Fig 5.4, In supervised learning where all the data points were labeled let’s
say 'category A’ and ’category B’, and then to find a label to a new data point, it
looks into the label points closest to that new point also called nearest neighbors.
Based on the neighbor’s vote whatever the label neighbor has, will be the label for
the new data point. The number K refers to the number of neighboring objects/-
points in the n-dimensional space and that will be compared with the object/points
that are classified.

@ @ D

A

Category B v\ Category B

New data point New data point

K-NN assigned to
Category 1

Category A ’ Category A }

Figure 5.4: How k-NN algorithm works

Honestly, k-NN is not a learning algorithm, it is just classified based on similarity
of the features which is input data[l9]. Classification is computed from a simple
majority vote of the k nearest neighbors of each point.

The working of k-NN can be explained in the following steps:

o To determine the right value of ’k’: The process of selecting the right k
value is called parameter tuning, it is one of the important steps to achieve
higher accuracy. There is no particular way or rule to find the value of k, it all
depends on what type of problem we are going to solve. The recommendation
is always to go with an odd value especially five why because if we choose one
or two that can be noisy and lead to outliers in the model, which results in
over-fitting and odd value of k is to avoid confusion between two classes of
data we have.

e To calculate the Euclidean distance of K number of neighbors: From
the Figure 5.5 we can calculate the euclidean distance between two data points
A and B as follow

EuclideanDistance = \/(X22 — X2+ (Y# — Y?)? (5.4)
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e To count the number of the data points in each category: From the
Figure 5.6 we can see that 3 nearest neighbors from category A and 2 nearest
neighbors from category B.

o labeling the new data point: Based on the maximum number of neighbors
from both the category, we can see that category A has 3 nearest neighbors
so the new data point belongs to category A.

This algorithm is quite simple in its implementation and is robust to noisy training
data. Even if the training data is large, it is quite efficient[14]. The only disadvantage
with the k-NN algorithm is that there is no need to determine the value of K and
computation cost is pretty high compared to other algorithms. Initially, the k value
was assumed to be 0 to 30 then compared with the error rate. After k = 20 the
error rate was stable and low, so we decided to go with 20.

5.3.3 Decision trees

A decision tree algorithm is a supervised machine learning algorithm which is a
tree-structured classifier where each internal nodes represent a feature (predictor
variable), the link or branches between the nodes represent a decision rule, and
the leaf nodes represent the outcome (response variable). The decision or root
node is used to make any suggestions and will have multiple branches. The leaf or
terminating node represents the output and will not contain any further branches.
From the figure, we understand that decision trees are the graphical representation
for finding the best possible solutions to a problem given with the conditions. The
CART algorithm (Classification and Regression Algorithm) is used to build the trees
and this decision tree is used for both categorical (Yes/No) and numerical data. This
algorithm breaks down a larger dataset into smaller subsets and an associated deci-
sion tree is incrementally developed simultaneously[20]. The decision tree is similar
to the human brain as it looks for all possible outcomes for a problem. There are
two types of decision trees:

o (ategorical variable decision tree
o Continuous variable decision tree
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Figure 5.7: Structure of decision tree

The working of decision tree is as follows:
Step 1: The tree begins with the root node and has the entire dataset.

Step 2: The best attribute which effectively separates the data into different classes
or the feature (predictor variable) that best splits the dataset is selected using ASM.

Step 3: Divide the root node into subsets based on the decision rule we have on
each node and generate the decision tree node.

Step 4: Subsequently make new decision nodes using the subsets until the stage
where we cannot further classify the nodes and the final node is called a leaf node.

Attribute selection measures (ASM): The main goal of decision trees is to
find the best attribute for the root node and the decision nodes. This can be done
with the Attribute selection measures (ASM) technique. The two main measures
that select the best attribute are:

o Information gain

o Gini Index
Information gain: The information gained indicates how much information does
the feature in the dataset provides about the class. Based on this value, we split the
node and build a decision tree. It is the measurement of changes in the entropy after
splitting the dataset based on attributes. The variable with the highest information
gain will separate the data at the root node.

InformationGain = Entropy(S) — [(WeightedAvg) x Entropy(each feature)]
(5.5)

Where entropy is the measure of randomness or impurity in data. It can be calcu-
lated as:
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Entropy(s) = —P(yes)log2P(yes) — P(no)log2P(no) (5.6)

where,

S = Total number of samples
P(yes) = probability of yes
P(no) = probability of no

Gini Index: It is the measurement of impurity when creating a decision tree.
Only the attribute with a low Gini index Is preferred when compared to a high Gini
index and it is used for binary splits.

Ginilndex =1 - P? (5.7)
J

The disadvantage of the decision tree algorithm is overfitting thereby reducing the
test accuracy. It can be resolved by the technique called pruning which decreases
the size of the decision tree without losing accuracy. Thereby we get an optimal
decision tree by deleting the unnecessary nodes. The two main types of pruning are:

o Cost complexity pruning

e Reduced error pruning
Another common issue that arises is that it becomes unstable when the small vari-
ations in the data can result in a completely different tree being generated.

5.3.4 Support vector machine

Support vector machine (SVM) is a supervised machine learning algorithm used
for classification and regression problems. The main objective of SVM is to cre-
ate the best line or decision boundary called the hyperplane that can segregate
n-dimensional space into classes[21]. To create this hyperplane, SVM chooses the
extreme points/vectors and these points are called support vectors.

There are two types of SVM:

e Linear SVM: It is used when a dataset can be classified into two separate
classes by a single straight line for linearly separable data and this classifier is
known as Linear SVM classifier.

o Non-linear SVM: It is used when a dataset cannot be classified by a single
straight line for non-linear data and this classifier is known as a Non-Linear
SVM classifier.

Hyper plane: The dimensions of the hyperplane depend on the dataset features
i.e. when we have 2 features in the dataset, the hyperplane will be a straight line.
And when we have 3 features, the hyperplane will become a 2-dimensional plane.
The maximum distance between the data points means the maximum margin hy-
perplane will always be created.

Case 1: For example, consider the following steps:
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Figure 5.8: Structure of SVM

o If we have a dataset containing two tags (green and blue) and features (x1 and
x2).
« We now want a classifier (best line) to classify this pair (x1, x2) in either green
or blue.
As it is a 2-d space, a single straight line can easily separate two classes. If we have
multiple lines that can separate these classes, their SVM algorithm is used to find
the best decision boundary or hyperplane. It can be done by finding the closest
point of the lines from the classes. These points are known as support vectors and
the SVM must maximize the distance between the vectors and the hyperplane. The
hyperplane with the maximum margin is called the optimal hyperplane.

A
* * A A
A |
*
* o
Y [ B
. ~J A
A o%
* A 4
A A
X
Figure 5.9: Multiple line that Figure 5.10: Non-linear data
separate two classes distributed in 2D space

Case 2: For linear data, we have two dimensions x and y so we can separate by
using a straight line. For non-linear data as shown in Figure 7?7, we cannot do like
that so one more dimension z is added.

7 =2+ (5.8)
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So the third dimension was added and the samples will look like this in Figure 77?7

Best Hyperplane

*2hs —

X X
Figure 5.11: Non-linear data af- Figure 5.12: Hyper-plane that
ter adding 3"¢ dimension Z divide the data sets into classes

Now SVM divide the data sets into classes as follows in Figure 5.17

Since we are in 3D Space, hence it is looking like a plane parallel to the x-axis. If
we convert it in 2d space with z=1, then it will become as:

A A

A A

®
A ore Best Hyperplane
A A
A
A

0
X

Figure 5.13: Hyper-plane in 2D that divide the data sets into classes

The SVM algorithm has a kernel tool which is a function used to map the non-linear
dataset into a higher dimensional space where we can find an optimal hyper-plane
that can separate the classes. Based on the labels and outputs we defined, it does
extremely complex transformations and makes it easier to classify the data thus it
could be linearly divided by a plane[22].
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5.3.5 Naive bayes

The Naive Bayes algorithm is based on the Bayes theorem which we can apply
to classify data based on historical results. Bayes theorem is used to determine
the probability of an event based on prior knowledge of conditions related to that
event. The Naive bias classifier works with the assumption of independence between
predictors which means it assumes the presence of a feature in a class even it is un-
related to any other features and all these properties individually contribute to the
probability. It can be used for both binary and multi-class classifications[23]. It is
extremely fast and easy compared to other ML algorithms and requires only a small
amount of training data for the necessary parameters to be estimated and to give a
valid prediction.

Bayes’ Theorem: It is also known as Bayes’ Rule or Bayes’ law which is used
to determine the probability of a hypothesis with prior knowledge. It depends on
the conditional probability. The formula for Bayes’ theorem is given below:

Likelihoad Class Prior Probability

Posterior Probability Predictor Prior Probability

P(c|X) = P(x; | ) x P(x, |c)}=x---x P(x, | €)x P(c)

Figure 5.14: Naive bayes theorem

where,

P(C|X) is posterior probability = probability of C given that X has occurred.
P(X|C) is likelihood probability = Probability of evidence if hypothesis probability
is true.

P(C) is Prior probability = Probability of hypothesis before observing the evidence.
P(X) is Marginal probability = Probability of evidence.

Types of Naive Bayes Algorithm:

» Gaussian Naive Bayes classification: If the features possess continuous
values instead of discrete, the model assumes that this is a normal distribution
and the values are sampled from the Gaussian distribution.

e Multinomial Naive Bayes classification: It is used when the data is dis-
tributed multinomially. Thus, the multinomial Naive Bayes classifier uses the
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frequency of words for the predictors, and it is primarily used for document
classification problems.

e Bernoulli Naive Bayes classification: It is similar to the multinomial clas-
sifier except that the fact its predictor variables are the independent Boolean
variables. It identifies if a particular word is present or not in a document.

5.4 Classification evaluation

One of the important parts after performing any type of classifier is to evaluate and
check its accuracy and efficiency. There exists a lot of other methods where we can
evaluate a classifier. Some of the methods are given below:

5.4.1 Holdout method

This is the most common method to evaluate a classifier. In this method, the given
data set is divided into two parts such as test and train set 20% and 80% respectively.

The train set is used to train the data and the unseen test set is used to test
its predictive power.

5.4.2 Cross-validation

Over-fitting is the most common problem prevalent in most machine learning models.
K-fold cross-validation can be conducted to verify if the model is over-fitted at all[24].

Data
Fold 1 Training Test|.
Fold 2 Test N
'l..“. |'.L
Fold 3 Test --____"_‘:j Average
78
Fold 4 Test -/
f’: Final Measure
Fold 5 | Test] < aof Performance

Figure 5.15: Working of K fold cross validation

In this method, the data set is randomly partitioned into k mutually exclusive
subsets, each of which is of the same size. Out of these, one is kept for testing and
others are used to train the model. Since the split for the training dataset is 60%
we consider k to be 6. The same process takes place for all k folds.
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5.4.3 Metrics

A metric is defined as a measure of performance and in our context, it is used
for estimating the classification performance[25]. These measurements can help to
evaluate different characteristics of a model after the training is done. Another
common use of metrics is for model selection. When comparing the performances
of the trained models in this thesis, we use threshold types of discriminator metrics
to evaluate the classification of the test data. An imbalance of the number of
observations in each class can cause poor performance when classifying members
of the minority classes. This is the reason why we need to evaluate our models with
a metric that takes this issue into account and better reflects the model performance
than just accuracy[26]. In the list below, some of the common metrics are defined.
For a simpler interpretation, we make use of the confusion matrix[27].

Predicted Class
Positive Negative
E True False
§ -‘g’ Positives Negatives
@) J-v (TP) (FN)
g : False True
é:' &| Positives Negatives
- (FP) (TN)

Figure 5.16: Confusion matrix

The rows in the table represent the actual class labels while the columns correspond
to the classification results. True positive (TP) and true negative (TN) predic-
tions in a binary classification are observations that were correctly positively and
negatively classified, respectively, while false positive (FP) and false-negative (FN)
predictions represent the elements identified as positive and negative, respectively,
when the real labels are the opposite.

Below are the four important metrics used for evaluation

e Accuracy - It is a ratio of correctly predicted observation to the total ob-
servations. Correct classes are treated equally, so this type of metric can be
used to measure performance for data sets with a balanced number of classes.
Numerically, it can be calculated as

TP+TN

TP+TN+ FP+ FN

o Precision - Probability of the patterns correctly predicted as positive when
they were actually positive. This metric can be calculated as

TP

TP+ FP

Accuracy =

Precision =
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o Recall - It is the Fraction of positive patterns correctly identified as positive.
Recall is defined as follows

TP

Recall = 755N

o Fl-score - It is the weighted average of precision and recall. It is used as a
trade-off for measuring the performance of classification where the imbalance
problem is present. When using the F1l-score false positive and false negative
results are equally penalized. Mathematically, it can be described as

2 X recall X precision
F'1 — score =

recall + precision

5.4.4 Receiver Operating Characteristics (ROC) curve

The Receiver Operating Characteristics (ROC) curve is used for visual comparison
of classification models, which shows the relationship between the true positive rate
and the false positive rate. The area under the ROC curve is the measure of the
accuracy of the model.

Perfect Classifier

1.0

True Positive Rate

v

False Positive Rate

Figure 5.17: ROC curve

5.5 Comparing models and metrics

There are certain criteria that we can use to compare the efficiency of the models.
e The output of the model let say how good the model is predicting the class.
o The accuracy of each classification method. This can be seen in the confusion
matrix where the number of correctly predicted classes should be as high as
possible.
o Each model should be interpretable as possible.
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This section is to evaluate which set of software versions and classification algorithm
gives us the best performance while building a classification model for classifying
True positive(TP) events and False positive(FP) events. For each software version,
the classification model with high accuracy is bolded. To complement the accuracy
metric, metrics such as macro-averages of Precision, Recall, and F1-Score are pro-
vided. Furthermore, to understand the number of correctly predicted events and
wrongly predicted events the confusion matrix has been provided.

Classifier Accuracy | precision | Recall | F1-score
Logistic regression | 84.60% 0.84 0.86 0.6337
k-NN 83.56% 0.80 0.81 0.8924
Decision trees 84.23% 0.83 0.83 0.8308
SVM 84.09% 0.82 0.83 0.8145
Naive bayes 80.11% 0.81 0.82 0.8005

Table 5.2: Results for the models trained for Prepost combined events from soft-
ware version 1

Classifier Accuracy | precision | Recall | F1-score
Logistic regression | 83.66% 0.83 0.82 0.8447
k-NN 82.12% 0.81 0.79 0.8134
Decision trees 83.46% 0.80 0.81 0.8364
SVM 83.99% 0.84 0.85 0.8745
Naive bayes 80.29% 0.82 0.83 0.8157

Table 5.3: Results for the models trained for pre post combined events from
software version 2

Tables 5.2 and 5.3 show the performance of classification models trained with prepost
combined events from software version 1 & 2. For software version 1 the maximum
accuracy of 84.60% is achieved by using Logistic Regression. For software version
2 the maximum accuracy of 83.99% is achieved by using SVM.

Classifier Accuracy | precision | Recall | F1-score
Logistic regression | 87.1% 0.85 0.83 0.8542
k-NN 85.3% 0.86 0.87 0.8756
Decision trees 86.8% 0.81 0.84 0.8732
SVM 88.5% 0.85 0.84 0.8467
Naive bayes 85.9% 0.83 0.85 0.8615

Table 5.4: Results for the
software version 3

models trained for pre post combined events from
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Classifier Accuracy | precision | Recall | F1-score
Logistic regression | 86.16% 0.84 0.86 0.8615
k-NN 85.48% 0.87 0.84 0.8527
Decision trees 87.56% 0.86 0.87 0.8728
SVM 84.63% 0.88 0.85 0.8746
Naive bayes 85.39% 0.86 0.84 0.8596

Table 5.5: Results for the
software version 4

models trained for pre post combined events from

Tables 5.4 and 5.5 show the performance of classification models trained with prepost
combined events from software version 3 & 4. For software version 3 the maximum
accuracy of 88.5% is achieved by using SVM. For software version 4 the maximum
accuracy of 87.56% is achieved by using Decision Trees.

Classifier Accuracy | precision | Recall | F1-score
Logistic regression | 84.21% 0.83 0.85 0.8447
k-NN 85.14% 0.86 0.87 0.8699
Decision trees 84.66% 0.87 0.85 0.8129
SVM 85.39% 0.83 0.83 0.8756
Naive bayes 83.21% 0.81 0.80 0.8723

Table 5.6: Results for the
software version 5

models trained for pre

post combined events from

Classifier Accuracy | precision | Recall | F1-score
Logistic regression | 88.52% 0.88 0.89 0.8754
k-NN 86.12% 0.86 0.83 0.8649
Decision trees 88.52% 0.87 0.85 0.8760
SVM 85.72% 0.82 0.87 0.8536
Naive bayes 86.93% 0.83 0.85 0.8638

Table 5.7: Results for the

software version 6

Table 5.6 and 5.7 shows the performance of classification models trained with prepost
combined events from software version 5 & 6. For software version 5 the maximum
accuracy of 85.39% is achieved by using SVM. For software version 6 the maxi-

models trained for pre

post combined events from

mum accuracy of 88.52% is achieved by using Decision Tress.

Performance of each dataset based software version in terms of Confusion

matrix:
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Figure 5.18: Confusion matrix for all different models based on software version 1
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Figure 5.20: Confusion matrix for all different models based on software version 3
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Figure 5.21: Confusion matrix for all different models based on software version 4
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Figure 5.22: Confusion matrix for all different models based on software version 5

Predicted Class Predicted Class Predicted Class
Positive | Negative Positive | Negative Positive | Negative
@ @
= = e
£ | 32,009 3612 2| 32,234 3464 2 | 33,132 2864
ﬁ [e] a Q a o
A [oE; v [oE; ] o
= = &
3 @ S o o
B 2 = = i =
b = 5419 21,340 < | % 5195 21,489 < = 4297 | 22,088
Qo Qo Qo
@ @ @
zZ zZ zZ
LogisticRegression k-NN DecisionTrees
Predicted Class Predicted Class
Positive | Negative Positive | Negative
] o
= 2
= | 32,084 3563 £ | 32,537 3261
= | . =
§ ] 5 o
= = S| 2| 4801 | 21,601
& = 5345 21,389 sl = ,
B0 LeT1]
z z
SVM Naive Bayes

Figure 5.23: Confusion matrix for all different models based on software version 6
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Pattern recognition techniques

In Machine Learning, pattern recognition is a technique that has some relation from
the information of the previous dataset with the new incoming data. The main
difference between Machine learning and pattern recognition is ML learns from the
available dataset based on the type of algorithm used where pattern recognition is a
type of machine learning[28]. Some of the basic components of a pattern recognition
system are described in a flow chart:

Feedback /

Adaptation
Classification Class
algorithm assignment

h 4 h 4 h 4
The real world 3 Sensor > Preprocessing and L > Feature L 5 Clust_enng C»Iuster

Enhancement extraction algorithm assignment
Regression Predicted
algorithm variable(s)

Figure 6.1: Basic components of pattern recognition system

From Figure 6.1, it is seen that the output of pattern recognition is either classifi-
cation Clustering or Regression. So there is no point in talking about the difference
of pattern recognition with classification even-though if we’re using it for a differ-
ent purpose. In this process, it tries to look at the available data and tries to see
whether there are any regularities within the dataset or not. There are two parts to
how pattern recognition work:

o Descriptive part: Here the algorithms try to find the patterns and start to
categorize them.

o Exploratory part: Refers to the critical process of performing initial investi-
gations on data to discover patterns, to spot anomalies, to test hypotheses,
and to check assumptions with the help of summary statistics and graphical
representations.

6.1 Logistic regression in pattern recognition

As we already worked and explore more on classification algorithms, let’s shift to
regression methods. Logistic Regression, many think that it is a machine learning
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model but it’s true that it has a strong background in statistics for a long time.
Statistics is very important in machine learning and essential for data analysis or
data mining to check how one feature is related to another feature of the dataset.
There is a brief description of how logistic regression works in section 5.3.1. If we
analyze the dataset using logistic regression we will get a lot of other parameters for
each feature such as Coefficient, Standard Error, t, p-values. Here we’re only focus-
ing on P-values which tell you whether the relationships are statistically significant
or not.

This p-value was used in testing the null hypothesis that the coefficient is 0.
In this method, we will compare each p-value with the pre-selected value of al-
pha(threshold). For example, if we use alpha to be 0.05, then the coefficients having
p-values of 0.05 or less than the alpha value are statistically significant. On the
other hand, a p-value that is greater than the alpha level indicates that there is
insufficient evidence in the sample to conclude that a non-zero correlation exists.
It is a standard practice to use the p-values of the coefficient to decide whether to
include the features or not in the final model.

coef std err t P>|t| [@.825 @.975]
const 8.7856 B8.8081 818.0819 2.080 8.784 9.788
x1 9.09138 8.6823 -9.574 @.566 -8.858 9.031
x2 8.0014 8.083 8.473 @.636 -8.804 9.087
®3 8.8835 B.8081 -2.694 2.e87 -8.806 -9.881
x4 8.281e6 8.082 1.835 2.381 -g.8e1 2.085
%5 -66.2797 71.887 -9.923 @.356 207.828 74.461
®6 8.86829 B.801 -2.995 9.883 -8.805 -8.881
*7 8.8515 8.043 -1.21@ @.226 -8.135 9.932
%8 9.0818 B.882 -9.847 @.397 -8.806 9.982
%9 8.2003 8.0a3 a.1a4 2.917 -8.80e6 a.0e7
x1@ -47.9584 51.955 -8.923 0.356 149.782 53.881

Figure 6.2: Regression results for each features in a dataset

We run a logistic regression analysis for all the available datasets and filtered only
a certain set of features for further analysis. Figure 6.2 shows sample analysis of
one particular dataset where x1,x2, ...x10 are the name of the features. Here in this
dataset, there are 266 features reduced to 50 features based on p-values. The smaller
the p-value, the stronger the evidence that the null hypothesis should be rejected
and the alternate hypothesis should be accepted. The 50 features have a p-value less
than 0.05 and are statistically significant, being the main reason for false-positive
events. This claim can be verified by further analysis.

6.2 Finding patterns in sorted features

A new dataset is created with the sorted features from logistic regression analysis.
For further analysis of each feature, we decide to explore more on visual analytics
software called Tableau[29] that helps in simplifying data in a very easily under-
standable format. Here are some of the samples of visualization of each feature into
true positive/false positive events at the same time instance.
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Figure 6.3: Patterns found in feature 1

In Figure 6.3 the x-axis represents samples, Here at sample 20, the number looks
quite strange. When we look at samples 9-17 they are diverging a lot, in True
positives events the object comes closer and closer but in False positives one, they’re
increasing and suddenly drops to a lower one.
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Figure 6.4: Patterns found in feature 2

In this Figure 6.4 looks like both the events are behaving the opposite way. This
feature is related to vehicle steering. Here, in this case, True Positives turn to the
left and False Positives turn to the right or something like this but both happened
to avoid the accidents.
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Figure 6.5: Patterns found in feature 3

In Figure 6.5 the feature is based on yaw rate where it clearly shows that there are
larger yaw rates for False positives
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Figure 6.6: Patterns found in feature 4
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Here this Figure 6.9 shows something interesting where this feature is requested
more frequently for True positives.

Samples

Classification

. Fzlse
. True

Figure 6.7: Patterns found in feature 5

In Figure 6.7 the false positives after sample 5 have more offset and change a lot
than the true ones.

6.3 Patterns from decision tree

6.3.1 Patterns in pre-post files

Once the decision tree model was trained, it can be visualized using the Graphviz
library in Python. Such an attempt was made to understand how the model is
learning the data and finding the boundaries at which the classification is changed
from one class to another. The conditions under which the decision tree is built are,

1) The analysis is performed on the software version 32134732AA which was used
in the quarters 201827-201839 and 201927-201939. The software version was chosen

randomly. A similar analysis can be done on other software versions as well.

2) only 62 signals were selected and considered for the decision tree analysis based
on p values from logistic regression.
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3) For the selected 62 signals, only the samples from 18 to 22 (5 samples) of each
event were considered since those were the samples that had maximum information
about the event. It was observed in Tableau that, both TP and FP showed similar
behavior for samples 1-17 and 23-40. However, no mathematical analysis was done
to support this claim. It was purely based on observations in Tableau.

4) The accuracy of a Decision tree is close to 82 percent. So, the numbers given by
the tree might have slight errors (ex: if the tree says the threshold as 0.5, it might
be + or - 0.05). But we suspect that the complex correlation suggested by the tree
should be correct.

5) Pruning of the decision tree was done to make sure every pattern mentioned be-
low is observed in at least 100 events out of 6645 events under consideration.

The visualization of decision tree and interpretation of the model after training has
resulted in some of the possible patterns in the pre-post data files which VCC is not
aware of, are as mentioned below:

1) signal-13 <= 0.34 —> signal-24 <= -0.65 —> signal-11<= -0.85 —> False
Positive.

2) signal-46 <= 0.34 —>signal-52 > -0.65 —> signal-24 <= 0.81 —> signal-51
<= 0.77 —> signal-30 <=-0.92 >signal-34 <=-1.34 —> signal-43 > 0.40
——> False Positive.

3) signal-2 <= 0.34 —>signal-9 > -0.65 —> signal-15 <= 0.81 —> signal-37
<= 0.77 —> signal-28 <= -0.92 —>signal-41 > -1.34 —> signal-38 <= 0.16
——> signal-13 <= 0.12 —> False Positive.

4) signal-35 <= 0.34 —>signal-26 > -0.65 —> signal-28 <= 0.81 —> signal-17
<= 0.77 —> signal-5 > -0.92 —> signal-12 <= 0.45 —> signal-3 <= 1.22 —
>signal-3 <= -0.90 —> signal-3> -0.74 ——> False Positive.

5) signal-56 <= 0.34 —>signal-49 > -0.65 —> signal-34 <= 0.81 —> signal-21
<= 0.77 —> signal-40 > -0.92 —> signal-16 <= 0.45 —> signal-19 <= 1.22
—> signal-54 > -0.90 —> signal-30 <= -0.05 —> False Positive.

6) signal-12 <= 0.34 —>signal-39 > -0.65 —> signal-22 <= 0.81 —> signal-43
<= 0.77 —> signal-33 > -0.92 —> signal-56 <= 0.45 —> signal-21 > 1.22 —>

False Positive.

7) signal-20 <= 0.34 —> signal-6 > -0.65 —> signal-3 <= 0.81 —> signal-35
> 0.77—> signal-53 > 0.08 —> False Positive.

8) signal-16 <= 0.34 —> signal-37 > -0.65 —> signal-13 > 0.81 —> signal-47
<= 0.21 —> signal-8 <= -0.71 —> False Positive.
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9) signal-25 <= 0.34 —> signal-38 > -0.65 —> signal-42 > 0.81 —> signal-53
> 0.21 —> signal-9 <= -0.36 —> signal-13 <= -0.60 —> False Positive.

10) signal-43 <= 0.34 —> signal-58 > -0.65 —> signal-31 > 0.81 —> signal-23
> 0.21 —> signal-4 > -0.36 —> signal-13 <= -0.74 —> signal-47 <= -0.14
—> False Positive.

11) signal-10 <= 0.34 —> signal-42 > -0.65 —> signal-34 > 0.81 —> signal-57
> (0.21 —> signal-23 > -0.36 —> signal-31 > -0.74 —> signal-44 <=1.29 —>
False Positive.

12) signal-19 <= 0.34 —> signal-50 > -0.65 —> signal-9 > 0.81 —> signal-14
> 0.21 —> signal-37 > -0.36 —> signal-29 > -0.74 —> signal-32 > 1.29 —>
signal-45 > -0.25 —> False Positive.

13) signal-4 > 0.34 —> signal-16 <= -0.14 —> signal-23 <= -0.61 —> signal-36
<= 0.33 —> signal-53 <= 0.49 —> False Positive.

14) signal-5 > 0.34 —> signal-45 <= -0.14 —> signal-12 <= -0.61 —> signal-38
<= 0.33 —> signal-15 > 0.49 —> signal-37 > 0.27 —> False Positive.

15) signal-46 > 0.34 —> signal-11 <= -0.14 —> signal-46 <= -0.61——> signal-
29 > 0.33 —> signal-30 <= -0.55 —> False Positive.

16) signal-14 > 0.34 —> signal-55 <= -0.14 —> signal-33 <= -0.61——> signal-
58 > 0.33 —> signal-14 > -0.55 —> signal-31 > 0.77 —> False Positive.

17) signal-32 > 0.34 —> signal-23 <= -0.14 ——> signal-36 > -0.61—>signal-15
> 2.20 —> signal-10 > -0.99 —> False Positive.

18) signal-41 > 0.34 —> signal-37 > -0.14 —> signal-51 <= 0.31 —> signal-26
<= -0.09 —> signal-13 <= -0.49 —> False Positive.

6.3.2 Patterns in single files

Similar to the last section, the decision tree algorithms were applied on single files.
The conditions under which the decision tree is built are,

1) The analysis is performed on the software version 32134613AC which was used
in the quarters 201714-201726, 201727-201739, 201814-201826, 201840-201852, and
201901-201913. The software version was chosen randomly since it had enough data
for training. A similar analysis can be done on other software versions as well.

2) only 40 signals were selected and considered for the decision tree analysis based
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on p values from logistic regression.

3) The accuracy of a Decision tree is close to 80 percent. So, the numbers given by
the tree might have slight errors (ex: if the tree says the threshold as 0.5, it might
be + or - 0.05). But we suspect that the complex correlation suggested by the tree
should be correct.

4) Pruning of the decision tree was done to make sure every pattern mentioned be-
low is observed in at least 100 events out of 5948 events under consideration.

The visualization of decision tree and interpretation of the model after training has
resulted in some of the possible patterns in the single data files which VCC is not
aware of, are as mentioned below:

1) signal-40 <= 0.91 —> signal-24 <= -0.15 —> signal-12 <= -0.34 —> signal-
15 > 0.56 —> signal-22 <= -0.42 —> signal-30 > 0.94 —> False Positive.

2) signal-32 <= 0.91 —> signal-14 <= -0.15 —>
signal-16 > -0.34 —> False Positive.

3) signal-38 <= 0.91 —> signal-23 > -0.15 —> signal-17 <= 0.09 —> signal-39
> -0.37 —> False Positive.

4) signal-22 <= 0.91 —> signal-32 > -0.15 —> signal-7 > 0.09 —> False Posi-
tive.

5) signal-3 > 0.91 —> signal-32 <= -0.04 —> signal-23 <= 0.50 —> signal-38
<= 0.56 —> signal-27 > -0.66 —> False Positive.

6) signal-12 > 0.91 —> signal-33 <= -0.04 —> signal-31 <= 0.50 —> signal-27
> 0.56 —> False Positive.

7) signal-7 > 0.91 —> signal-35 <= -0.04 —> signal-28 > 0.50 —> False Posi-
tive.

8) signal-32 > 0.91 —> signal-13 > -0.04 —> False Positive.

6.4 Discussions

From the analysis of each feature using Tableau, it is evident that they play a role in
classifying the events as false-positive events. But the complex correlation between
the signals can be realized better by analyzing the decision tree model. The deci-
sion tree model was visualized in image and text form after the model was trained.
Based on the decision tree model that has learned the data, the patterns leading to
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false-positive events were noted and presented in this chapter.

The decision tree images for pre+post and single data files are attached for refer-
ence. The same patterns are presented in the above sections in a statement form.
The images are too big to fit on one page and are readable. The same images will
be attached to the report while submitting it.

Figure 6.9: Decision tree images for single data
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Conclusions and future work

7.1 Summary of the thesis work

The goal of the thesis was divided into two parts:

1) Classification algorithm using machine learning for classifying events into true-
positives and false-positives.

The data provided by VCC was collected over 13 quarters and six different software
versions were involved during the 13 quarters. The thesis work started with an
analysis of the dataset provided by VCC. Data cleansing and preprocessing is the
first step in data analysis. After treating the missing values, categorical data, and
feature scaling, the data was ready for further analysis.

Too much information fed into the machine learning model while training will make
the trained model perform well on training data and perform poorly on the test
data. Hence, the two well-known dimension reduction techniques, i.e., Principle
component analysis, and low variance filter method were used to reduce the feature
space from 266 to less than 60. There was no loss or change in the data during the
process of dimension reduction. While applying dimension reduction techniques, the
data is analyzed by the two methods and the output of both the methods were the
names of the features which are statistically significant. The data related to Only
those features were fetched by the code and this subset of the original data was used
for further analysis. It was manually verified for one feature for both methods that
the original data was unchanged.

The convolutional neural networks (CNN) are popularly used for object detection
and segmentation in images. The idea was to convert the data corresponding to ev-
ery event into eight-bit color image representation and train the CNN to classify the
events into true-positive and false-positive. Since CNN’s are translation invariant
which means that CNNs are not sensitive to the position of an object in the image,
this approach failed to classify the events. Hence, CNNs can not be used for such
data for classification.

Logistic regression, K-nearest neighbors, decision trees, support vector machines,
and naive Bayes are the popularly known Machine learning algorithms that were in-
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vestigated to classify the events into true-positives and false-positives in this work.
Since the data was segregated into six sets, based on the software version of the
quarter, all the machine learning algorithms were applied to six sets of data. It
was observed that support vector machine algorithm, decision tree algorithm, and
logistic regression algorithm performed well on different datasets.

2) Investigating the possibility of finding complex or simple patterns in the data
that VCC is not aware of.

The second goal of the thesis was to investigate if it is possible to find complex or
simple patterns in the data that VCC is not aware of. We proceeded with finding
patterns in data from two approaches. The first approach is to use a logistic regres-
sion model, get the model coefficients, find their p-values. P-values lesser than 0.05
indicate that the null hypothesis is rejected and the signal has a greater impact on
deciding the class of the event. The signals having p-values lesser than 0.05 were
selected and visualized using the tool called Tableau. This enabled us to visualize
individual signals values belonging to true-positive and false-positive classes. The
results were presented in chapter 6.

The second approach is by visualizing the decision tree model. Once the decision
tree model is trained using the data, it can be visualized using an open-source pack-
age called Graphviz in an image format and text form as well. This visualization
explains how the tree model is constructed and the complex correlation between the
signals. 18 patterns in the pre+post data file and 8 patterns in a single data file
were found from the decision tree model.

The DRO file also contains many features, which were not considered for this thesis
work. Only pre, post, and single files were analyzed. We feel that there might be
more insights in the DRO file which can be the future work.

7.2 Summary of research question

o How can the True positive/ False positive events be identified using machine
learning algorithms?

The starting point for the thesis work was the annotated data provided by
VCC. This annotated data can be used to train the machine learning mod-
els after suitable data cleansing and preprocessing. The only challenge was
to rearrange the data according to the requirement of the machine learning
model. Thus, the annotation of data plays a major role in the correctness of
the patterns found by the machine learning models.

This thesis work was carried out considering the annotations to be accurate and
supervised machine learning techniques were explored in fining the patterns
in the false-positive events. As future work, unsupervised machine learning
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algorithms can be explored where annotation of the data has no role to play.
The decision boundary learned by the unsupervised models can be studied to
find the patterns in the events. Care has to be taken while applying dimension
reduction techniques and signals to be discussed with the domain specialist as
discussed in section 3.3.

Which machine learning algorithm performs better in classifying the events?

It was observed that the support vector machine (SVM) algorithm, decision
tree algorithm, and logistic regression algorithm performed well on different
sets of data, segregated based on software versions. There is no proper theo-
retical explanation for why different machine learning models are performing
better at data from different software versions. The results were observed
practically.

Is it possible to find complex or simple patterns that VCC has not yet easily
found? Why/why not? What recommendation do we have for VCC to analyze
data better in the future to improve performance of AEB system?

The pattern recognition task was a challenging part of the thesis. We tried
approaching the problem in different ways. The effort was to find patterns
concerning individual signals as well as a bunch of signals correlated to result
in a false-positive event. We could find patterns in individual signals using
logistic regression at first to select important signals and then visualize them
using Tableau. The results are presented in section 6.2

There were four patterns discovered by VCC under which the false positives
occurred.

a) Object type = Large Animal.

This is found in the DRO file and was confirmed by visualizing in Tableau.
This signal is present in DRO files. During the initial analysis of DRO files,
this pattern was noticed. This thesis work did not explore the DRO files as the
focus was on the pre, post, and single data files. There may be more patterns
in the DRO files, we could not explore more as our focus got shifted to pre,
post, and single data files.

b) Object lives for a very brief time.

The Sudden position change of an object in the vicinity of the car will be
reflected in a rapid change in the value of the signal "signal-23". Pattern 12
in section 6.3.2 includes this signal at the top of the tree. This signal had
relatively higher variance compared to other signals, thus got selected by the
dimension reduction techniques. This is one typical scenario where trusting
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the dimension reduction techniques without domain-specific knowledge can
lead to misinterpretation of the signal. The difference in the value of any two
adjacent samples of this signal decides whether there is a sudden change in
the position of an object or not. Hence, it is the relative change of value from
one sample to the next sample which should be considered for analysis and
not the absolute value of the sample itself. Thus, the inclusion of this signal
in the pattern given by the decision tree doesn’t make complete sense since
the relative value of this signal needs to be considered not the absolute value
as in pattern 12.

c¢) Object moves very fast.

The signals indicating the movement of an object in the vicinity of the car
are, "signal-24", "signal-34", and "signal-18". These signals did not appear in
any of the patterns, as the signal values had relatively lower variance com-
pared to other signals and were dropped off during the dimension reduction
step. We failed to realize that there were signals where the difference in value
between the adjacent samples is considered to infer something, then the abso-
lute values of samples themselves. We did not have any special care taken to
include/ exclude such signals during dimension reduction techniques. This is
again a scenario where we lacked domain-specific knowledge and blindly con-
tinued with the results of dimension reduction techniques. In the future, care
has to be taken to treat such signals differently.

d) signal-19 > 0 from a single file.

When the decision tree model was trained on single data files, the branch
"signal-19 > 0.09" was observed at the lowest level of the tree (leaf node) in
the fourth pattern mentioned in section 6.3.2. However, there was one more
pattern having the signal "signal-19 < 0.09" (pattern 3, section 6.3.2).

7.3 Future work and recommendations

The collision avoidance team of VCC has access to a huge amount of data from cus-
tomer cars on the cloud. This could play an important role in data-driven decisions.
When it comes to detecting false positive events and patterns, the following points
can be taken into consideration.

1) Data Mining: The data has to be extracted and saved in a suitable form. For

instance, collecting all pre, post, and single data files along with their readout ids,
classification, etc. Data mining can be done using SQL or Python.
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2) Data preprocessing: Once the data mining is done, it has to be preprocessed to
remove missing values if any, address the categorical data, scale the values of all
signals.

3) Dimension reduction: This is a bit tricky part. The methods used in this thesis
work are principle component analysis and the low variance filter method. Both
these methods focus on eliminating the features which have low variance. In sim-
ple words, if the difference between the maximum value and minimum value of the
feature is less, the spread of the values will be limited to a small range. This will
result in low variance and the feature will be eliminated.

This might be straightforward from a statistics point of view, but without the do-
main knowledge, it would be difficult to decide which feature is important and which
is not. It is a tough call while selecting the signals for further analysis. This issue
has to be addressed in future work if the work is continued on upcoming data.

4) machine learning models to be considered for classification: Converting the data
into an image file and using a Convolutional Neural Network was analyzed and
found to be not useful for this kind of data. various Machine learning algorithms
were used to analyze the pre-post data files combined and single files separately. In
pre-post data files, the maximum information was available in samples 18-22 from
visual analysis. But, all the samples of the pre-data file along with a single data file
can be considered as "sequential data" and Recurrent Neural Networks can be used
to train the model with selected signals for the entire 20 samples (or the duration
of the pre-data file).

The same can be extended to pre single post combined data file for better analysis.

5) For pattern recognition in upcoming data, unsupervised learning techniques can
be explored for 2 class classification. The decision boundary given by the unsuper-
vised learning algorithms can be visualized or represented in a text form, indicating
the way the algorithm has learned to classify the events. This decision boundary
analysis will give us a deeper understanding of individual signals affecting the TP-
FP event occurrence.

It was realized at the later stages of the thesis that the machine learning models
can not only be used just for classification of the events but the models can also be
visualized at every node in case of decision tree to understand how the model has
learned the data. This could give a better understanding of knee points where the
decision of the model changes from one class to another. A similar approach can
be taken in the DRO data file as well to find the complex patterns for false-positive
events.
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