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Abstract

Contemporary computing and applications of data science chime in unison when
it comes to machine learning. Thus the boundaries of learning using Al is open
for expansion, aiding those with limited resource and compact scope. Extensively,
Supervised Learning has indigenous uses for predictive mapping. Using multi-class
vehicle driver data as apparatus, this paper targets to analyze the classification
accuracy, precision, predictability, rigidity and extrapolation of existing supervised
learning algorithms in case of subjective mechanical data and objective qualitative
data. Driver data is compiled focusing on the classical mechanics of driven vehicles
and external affecting factors in every driving instance followed by processing for
feature selection to split data for training and testing. Analyzing the variance of
learning via different supervised machine learning algorithms, a shortlisted prece-
dence of algorithm preference is prepared through comparative exploration. The
exploratory extractions are then analyzed to reach optimal extrapolation of vehicle
driver classification within the domain of driving style, adjudged distinctly as ag-
gressive, normal and vague. Achieved insights would actively contribute to solidify
drivers’ conformity towards traffic laws and situational safe driving, aiming to secure
a significant fall in road casualties.

Keywords: Comparative Analysis; Decision Tree; Driver Classification; Driver
Evaluation; K-Nearest Neighbour, Logistic Regression; Machine Learning; Random
Forest; Supervised Learning; Vehicle Driver Classification;
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The next list describes several symbols & abbreviation that will be later used within
the body of the document

Al Artificial Intelligence

BD Bangladesh
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Chapter 1

Introduction

1.1 The dire scenario of roads in BD

Road accidents is the name of the oldest yet ignored ‘epidemic’ spreading across the
developing world, inflicting severe effects. For BD too, the speedy urbanization and
rapidly growing transport and transit systems, road safe has turned to become an
essential priority which cannot be avoided. Pointless acceleration, unjust overtak-
ing, poor quality of roads, unfit vehicles, ineligible drivers and lack of road safety
awareness is causing crashes and casualties on a regular basis. This is a sustainable
development issue as this results in more than 3% loss of GDP in low to middle
income nations. The calamity of road traffic accidents costs low and middle-income
countries about USD 100 billion annually. In BD, road traffic crashes are a major
public health concern resulting in over 21,000 fatalities each year. More than 7000
people have died in road accidents across the country in 2018 as found by a report
published the BPWA. Additionally, more than 15000 faces injuries due to crashes
that sum up to over 5500 in a calendar year. Reckless intent, unconscionable driv-
ing, unfit vehicles, premature or intoxicated drivers and ignorance of rules in reality
is causing this onslaught of casualties and mishaps on roads everyday.

1.2 Objectives towards the goal

With a view to minimize these issues, this research is meant to serve as guide to
predict and classify a driver and their respective vehicle driving instances by col-
laborating values of basic vehicular mechanics with external significant factors that
provide machine-induced intelligent judgement on a labeled multi-class data model.
This,in fact, will create scope for drivers to improve and amend their style by regu-
larly receiving feedback and remarks through a continuous process of data collection
and assessment. Furthermore, owners-stakeholders and regulatory personnel can be
well-informed by accessing relevant driver data analysis. Additionally, considering
public interest, the police can also access the records in cases of abnormal incidents
or even accident investigations. Hence, stakeholders, passengers and extensively,
the public can finally dream to put an end to the nightmare of road adversity, in a
gradual manner.



1.3 Developing AI with ML techniques

Artificial Intelligence which implies that it can make an imitation of a human think-
ing and perform similar to human brain functionality. More accurately, it implies
that machines can be empowered to think like a human without human interference
and machines carries the recreation of artificial intelligence. Hence it is a process
that it could be intelligence where human want all capabilities to add on machine.
There’s a misguided judgment that artificial Intelligence may be a system, but it
is not a framework. Artificial intelligence implementation is a concept that comes
from machine learning. Machine learning is a subset of artificial intelligence that
provides some historical data to explore further. Without machine learning, Al can
not exist since without machine preparing and it can not prepare human thinking
capability in machine. It may be a simple concept machine takes information and
learn from information. With all the learning the machine gives a predictions and
accuracy similar to human . Artificial intelligence can not exist without machine
learning. Machine learning empowers a computer framework to form predictions or
take a few choices using historical data without being explicitly programmed. Ma-
chine learning employments a enormous amount of structured and semi-structured
information so that a machine learning demonstrate can produce accurate result
or allow predictions based on that information. Machine learning works with few
sorts of historical data which are categorized as supervised, unsupervised and re-
inforcement learning. Supervised information implies which of the information has
past labelled sign where unsupervised implies historical data isn’t labelled; mostly
worked as taking similar feature and make different clusters. Finally reinforcement
learning implies a few of data is labelled and a few are not. With all the learning
the machine gives a predictions and accuracy similar to human. So Artificial intelli-
gence can not exist without machine learning. ‘Aggressive driving’ data has various
features based on nature of the features it is named as ‘Aggressive’ , ‘Normal’ or
‘Vague’ so we are able say its predetermined and target attributed is labelled so its
lies beneath supervised data. Here machine takes the defined data as inputs and
gives the accuracy and prediction. Here we are able say Al usage here our machine
gives prediction if it gives more accuracy and prediction at that point it can be said
that Strong AT or if a machine learning gives comparatively less accuracy and wrong
prediction at that point its weak Al



Chapter 2

Literature Review

kMC-SVM is a rapid method of pattern recognition which is developed by combin-
ing SVM with k-means clustering and is applied to detect a driver’s curve nego-
tiating patterns whether moderate or aggressive [44]. It has been found that this
method combined method results in lesser training time and additionally, facilitates
improved class recognition in comparison with SVM method [44].

Bayesian theory was applied in case of estimating the probability of a driver being
normal or aggressive in their vehicle driving. [31]. Moreover, Euclidean distance of
the feature vector’s pair of elements were calculated to derive the style of driving
in case of the test datasets which ultimately resulted in reduced computational cost
[31].

GPS, accelerometer, magnetometer, gyroscope, and compass sensors embedded along
with the in-vehicle smartphone combined helped to achieve an upgraded system with
a top notch domain [26]. By doing this, a better overview and monitoring of road
conditions, such as bumps in the road, surface roughness, potholes etc. is unlocked
and thus improves the accuracy in case of identifying driver behaviour [26]. Here,
road anomalies are identified by the gyroscope which is cross-validated with the ac-
celerometer sensor in order to achieve further confirmation [26]. When this results
are collaborated with OBD-cable derived measurement values, the intelligence of the
vehicle is enriched [26]. As a result, we can get better accuracy in terms of driving
behavior classification [26].

The Bag of Words system is an efficient way to represent data from accelerometer
with an aim to improve driver classification [39]. Thus, BoW should be utilizable in
cases of intelligent applications such as driving style recognition [39].

SVC based driving-style classification approach can effectively differentiate the vari-
ations in individual’s driving pattern [30]. This validates the hypothesis that each
driver’s driving style is inconsistent which varies due to different factors [30].
Experimental results show that the S3VM method performs better than the SVM
method when we use a small amount of labeled data and a large amount of unla-
beled data [19]. More specifically, this paper demonstrated that S3VM improves
classification accuracy by about 10 per cent compared to SVM, in such situations
[19].

The driving styles such as aggressive, inattentive, drunk and moderate driving style
are compared and analyzed here [14]. It is mentioned that driver behaviour mea-
surements such as DBQ solely rely on integrity of the person and it is suggested
that real time ML applications to be used to attain results [14].



A 6 step methodology enables researchers to deal with data attained from sensors,
data validation from experts using a data-driven method and unbalanced class dis-
tribution by generating an augmented dataset for training purposes, driving-style
classification through various classifiers, and evaluation of the classifiers using ML
metrics for example, accuracy, Fl-score and statistical tests for analysis [45]. This
classification of driving styles from data collected was in a naturalistic setting. The
authors designed and implemented five computational models such as SVM, ANN,
kNN and RF with the intent to determine the best evaluation performance for clas-
sification of different driving styles [45]. Resuls showed that SVM provided the best
results for classification and identification of drivers; more so in case of aggressive
driving [45].

To establish the underlying structure of driving styles, there is a need to acknowledge
the driving style which is made up of the driving states proportioned € where each
and every driving state is portrayed as the combination of driving behaviours with
proportion ¢ and secondly, in order to achieve more comprehensive data which in-
cluded stimulating information from preceding vehicles like speed differential, range
and other driving conditions are thereby considered in case of the proposed models
for the betterment of recognizing different driving styles [36].

This proposed SVM model can recognize driving style accurately which is based
on some trajectory attributes providing 91.7% accuracy rate [37]. This accuracy
is much higher than other classifiers such as RF, MLP, and KNN [37]. The result
implies that Support Vector Machine is optimal in case of driving style evaluation
based on trajectory features [37].

CADSE is a contemporary driving style evaluation system which performs its eval-
uation by taking input of data from smartphone sensors [20]. Initially, this method
puts emphasis on context awareness like traffic states and sensitivity of the care [20].
Next, it evaluates the drivers based on three separate continuous time periods and
not just a single period of time [20]. Thirdly, in order to recognize driving styles,
this system implements a wide range of experimental and mathematical features
[20] Lastly, this system uses different machine learning algorithms for different task
assigned to any driving evaluation system [20].

A comparative analysis based on accuracy, precision, recall and time complexity in
case of four different classification algorithm was used to detect driving style [33].
Random Forest algorithm had the best performance of identification and solely stood
above other algorithms in case of computational speed [33]. When the performance
level of sub-classifiers was quite similar, the multi-model ensemble algorithm was
dominant in case of improving identification performance of driving styles [33].
Physiological and psychological states are highly considered in case of analyzing
driving events and behavior in applications of Machine Learning [41]. In case of ana-
lyzing the driver behavior, subjective-based values has been prioritized [41]. Studies
implied that subjective vehicular data, environmental external factors and lastly,
physiological and psychological input data combined together provides the best re-
sults [41]. Specificity, accuracy and recall are used to measure the performance of
different ML algorithms in this case [41]. Driving events domains, when analyzed
showed accuracy levels ranging from 73% to 98%, 82% to 96% are recall, 84% to
97% is the specificity range [41].

Road parameters such as number of lanes, segment length and ramp type along
with traffic density and flow parameters were considered [38]. In case of measur-



ing potential errors among different homogeneous groups of data, the hierarchical
model of Poisson-gamma gave better performance than non-hierarchical data mod-
els [38].SDCSM was an important feature and was positively correlated with PDO
crash frequency meaning that a larger variance of speed genuinely increased the
chance of crashes [38].

It has been found that lane width have variable effect of accidents in terms of severity
[27]. The condition of pavement was found to be significant in case of accidents
without death giving an approximate mean value of-0.0739 in case of inter-states
while for state highways the pavement condition was more significantly related with
accidents that caused casualties with the result of an approximate mean values of
—0.0893 and —0.0926 for state-roads and highways respectively [27].

Research shows, the mean traffic speed and road casualties are strongly correlated
[29]. The correlation of speed and road safety is stronger in research papers published
after 2000 comparing to older ones [29]. The relationship curve of a driver’s vehicular
speed and their engagement in accidents in of the same shape as the traffic speed’s
relation with road safety [29].

In a weight based research, heavier vehicles are found to have lesser injury risk for
the subjective driver but possess more threat of injury towards the objective vehicle
of lower weight [32]. This implies that the safety index would significantly rise if all
the vehicles are heavier [32]. Then again, heaver vehicles do not have much safety-
probability in case of singular crash occasion whereas they pose increased threat
towards pedestrians and non-motor vehicles like cycles [32]. Overall, the disadvan-
tage of the objective vehicle can be greater than the advantage of the subjective
vehicle meaning that it is not conclusive that an increase in average car weight
ensures road safety as a whole [32].

For classification, 9 ensemble tree algorithms are used and analyzed comparatively
for evaluation of secondary tasks of a driver while driving; these include KNN, SVM,
RF, DT etc. [34]. Using unsupervised clustering, first, detecting the secondary
task engagement of a driver was prioritized and then further classification of those
secondary tasks in a hierarchical method was proposed to derive results [34].

By using hierarchical classification, detailed information and higher accuracy can
be achieved at each level rather than single accuracy approach; additionally, using
multiple classifiers provide more authentic accuracy than that of single classifier [34].
In this research, Decision Tree classifier gave the best accuracy in detecting sec-
ondary task engagement- 99.8% whereas other methods provided results of accu-
racy ranging from 66% to 96%. In case of identifying the type of secondary tasks,
the RF classifier gave best accuracy of 82.2%, outperforming other classifier which
gave accuracy between 55% and 79%. The accuracy of segregating different tasks
were 77.7% for hand-held phone call, 82.2% for texting on phones and 97.1% for
interacting with fellow passenger [34].

Reckless drivers could be identified by traits such as being a young male, easily
distracted behind the wheel and sensation-seeking driver [35]. This group can also
be considered at risk on the basis of their own self-reported crash involvement and
points lost on their driver’s license [35]. This reckless group had a higher tendency
and frequency of dangerous accelerating on record, implying dangerous driving [35].
This serves as an indicator of risky driving when comprised with time and other
mechanical measurements [35].



Chapter 3

Supervised Learning Algorithms

The answer the question of “how” to program computers, it can be out and out
explained using Machine Learning. With the help of basic structure and experience
gained, Machine Learning differs from statistics in the field of conclusion derivation.
However, Machine Learning incorporates further skeptical properties of deducing
proper computer architecture and suitable algorithms that can efficiently read, write,
index, fetch and merge the data and provided solution to computational tractability
effectively. Machine learning is based on development of intelligent software that can
connect, interact and sustain the discipline of databases following the principles of
statistical learning. The system gets more sophisticated by learning circumstantial
change induced by data inputs or external information.

3.1 Supervised Learning

Supervised learning is based on algorithms where the classes are predetermined.
Classes are of finite set of human-defined data where certain segments will be labeled
in accordance. Machine learning is used to finding patterns among the respective
segments and for making mathematical models which in turn would be evaluated
according to the capacity of prediction in relation with the variance of the data as a
whole. The two primary supervised models are classification models and regression
models. Classifiers detect and map input space into the classes whereas regression
models map the respective input space into a domain of real-values. The percentage
of correct prediction is the prediction accuracy which eventually formulates the
classifier’s evaluation that is calculated. Among three calculating methods, one
technique is to split the training set by using two-thirds for training and the other
third for estimating performance. The other widely used technique is known as
cross-validation where the training set is divided into mutually exclusive, equal-
sized subsets in which the classifier is trained on the union of all the other subsets
for each and every subset. The average of the error rate of each subset is therefore
an estimate of the error rate of the classifier.

Algorithms with high inclination or bias produce less difficult models and refrain
from overfit cases. Nonetheless, they fail to comprehend relevant details in the
feature space. Conversely, algorithms with high variance produce complex functions
that can portray the training dataset well and capture those details. However this
sensitivity can create overfit. In expansion, a high variance is a direct impact of
data in high dimensional space. Consequently, a large number of training samples



are essential so as to diminish the variance and misclassification[18].

3.2 Decision Tree

Decision Tree is a predictor that predicts the labels that are associated with instances
by traveling from a root node towards the leaf of a tree. While going from root to
leaf, in case of each node, the successor child is chosen by splitting the input space.
This splitting is based on one of the featured of the node or by a set of predefined
splitting rules. A leaf contains a specified label. Each leaf is assigned to a particular
class that represents the most fitting target label. Also, a leaf might hold a vector
representing the probabilty which would indicate the probability of the target label
holding a certain value. Continuing on the path, instances are classified by iterating
them from root to a leaf down the tree. This is done according to the outcome of the
tests derived from traversal. Decision tree inducers are basically algorithms which
can automatically construct a decision tree from any given dataset. Here, the goal
is to find the optimal decision tree by minimization of the generalization error.

Income

<= 20000 Units =20000 Units

Past credit history Positive
Good Rad
Positive Negative

Figure 3.1: An example of Decision Tree[7]

The information gain is the measure utilized by the ID3 algorithm in request to
choose the most beneficial attribute for separating from other attributes. Mutual
Information or information gain targets decreasing the uncertainty of the informa-
tion. In the event that ID3 utilizes information gain as a attribute selection method,
(C4.5 executes in accordance to gain ratio, which comprises in division of mutual in-
formation by the entropy of the tried attribute (the ”split information” measure).
The gain ration is hence no more than an augmentation of the information gain,
which targets lessening its bias by restricting the expansion of the tree through
penalization of variables that have numerous modalities[21].

Bootstrap Aggregating is an ensemble learning method designed in order to increase
prediction-accuracy of other learning algorithms. This method is a technique that

7



combines several ML algorithms to obtain more accurate and static prediction than
other alogithms working alone. Bagging can be applied to all kinds of classification
algorithms but it is particularly useful for decision trees[25].

A critical point to be noted, decision tree doesn’t back track for any kind of entropy
alteration. Each property of our dataset is compared with the root node in each
cycle and the tree encourages parts. Decision tree is based on each iteration of
unused attribute with divide. Further attribute determination strategies are picked
by a few analysts. It’s found that there are nearly seven criteria presented; counting
chi — square , gini index , entropy for information gain and so on.

CART used gini index in case of classification processing and splits the dataset intro
a decision tree. We have used gini index approach to classify data.

The Gini index is defined by

K
G =Y Pu(l—Pu)

=1

3.3 k-Nearest Neighbor (kNN)

KNN or K-nearest neighbor is one kind of lethargic learning method based on in-
stances. The classifier or model isn’t worked during the time of training and results
in a high cost and time-consumption during the period of grouping. Just training
attributes along with their labels are put away at training time and classifier is
work at the classification period for each test instance. It is a non-parametric tech-
nique for characterizing obscure data; for example it doesn’t make any suspicions
on underlying data distribution. An instance is represented by characteristic vector
a1, as, .....a,, where a; denotes the value of i** attribute A4; of x [12]. Because of
the basic simplicity, efficiency and easy-to-implement trait, KNN is a broadly used
classification algorithm in the ML world. It is one of the top ten algorithms for
data mining and has been widely implemented in different fields. KNN has a few
limitations that impair its classification accuracy. As well as high time complexity,
it has significant memory requirements[12].

k-Nearest Neighbor is based on the principle of close proximity of instances among
the dataset that possess similar properties. This suggests that an unclassified in-
stance can be determined by observing the value of nearby neighboring instances
that are tagged with classification labels. The kNN algorithm locates the k nearest
instances to the given query instance and thus decides the class by observing and
critically identifying the most frequent class label. It is non-parametric due to its
growth in the training sample and measures K most similar data distance. Usually
it takes similar features to predict test data points and takes a distance measure-
ment from training data and new data points. The number of K basically tells how
numerous neighbors considered for similitude. Vital key point about KNN is it does
more computation on testing tests.



Figure 3.2: An example of KNN classification task with k=5[11]

Picking the value of K is fundamental so as to lessen misclassification. An enormous
K value diminishes the variance cause by noisy data. However, it delivers a bias that
overlooks smaller patterns that can be helpful for the correctness of classification[18].
Manhattan distance calculation is one approach of kNN.

Manhattan : D(z,y) = Z |lz; — il
i=1

3.4 Random Forest

RF is one kind of classifier that works on supervised models, quite similar to building
decision trees. It comprises of a collection of decision trees in order to solve problems
related to classification and regression [23]. A random forest is a classifier comprising
of an assortment of decision trees, where each tree is built by applying an algorithm
”A” on the training set ”S” along with an additional random vector denoted by @,
where 6 is examined from some distribution. The prediction of the random forest
is acquired by a dominant part vote over the predictions of the individual trees. To
indicate a specific random forest, we have to characterize the algorithm A and the
dispersion over 6. There are numerous approaches to do this and here we depict one
specific choice. We create # as follows. In the first place, a random sub-sample is
taken from S with substitutions, to be specific we test another training set S’ of size
m’ utilizing the uniform dispersion over S. Secondly, we build a group sequentially
I,I5,..., where every I; is a subset [d] of size k, which is created by inspecting
consistently at random value from [d]. These different random factors structure the
vector f. At that point the algorithm A grows a decision tree (eg, utilizing the ID3
algorithm) in light of the example S’, where at each splitting phase of the calculation
the algorithm is confined to picking a feature that boosts the obtained gained from
I. Then again, if k is negligible this limitation may forestall over-fitting. Another
model is random split selection where at each node the split is picked capriciously
from among the K best parts. It produces new training sets by randomizing the
yields in the first training set. Another methodology is to choose the training set
from a random set of weights on the models in the training set. There has been



composed various papers on "the random subspace” strategy which does a random
determination of a subset of features to use to develop each tree. It is suggested
to characterize enormous number of geometric highlights and search over a random
selection of these for the prime split at every node.

The normal component in these methods is that for the &' tree, a random vector
O, is produced, independent of the past random vectors O, ..., Oy_;. However,
with a similar appropriation, a tree is developed utilizing the training set and Oy,
resulting in a classifier h(z, ©y) where x is an input vector. For Example, in bagging
the random vector © is created as the counts in N boxes coming about because
of N darts thrown aimlessly at the boxes, where N is the quantity of models in
the training set. Random split selection © comprises of a number of autonomous
random integers between 1 and K. The nature and dimensionality of relies upon its
utilization in tree construction. After a big number of trees are created, they vote
in favor of the most popular class. We call these techniques random forest. All in
all, Random Forest appears as an extended approach of decision trees. It makes a
huge number of decision trees afterward work as gathering. This process is called
ensemble. This ensemble method improves the predictive model performance. The
process started with creating a bootstrap dataset by picking a random sample from
the original dataset note that one sample can repeat in this bootstrapping process.
After making a bootstrap dataset based on it numerous decision trees are made. At
that point it’ll get the forecast result from each choice tree, then in this step, voting
will be performed for each anticipated result. The ultimate result is considered by
most voted predictions as last.

3.5 Stochastic Gradient Descent (SGD)

There are two normal approaches to IPS or interior-point solution. 1. Barrier
method and 2. Primal-dual interior point method. But despite the fact that it
is more streamlined variant for the first issue, it is exceptionally normal in the Al
issues. Gradient Descent which is also known as full-batch GD algorithm is basiccaly
an actualized algorithm for the issues that are unconstrained [28].

Stochastic gradient based techniques, on the other hand, work with gradient esti-
mations acquired from little subsamples (mini-batches) of training set. This can
extraordinarily diminish computational necessities: on huge, excess dataset, basic
stochastic gradient descent regularly passes advanced second-order batch method
by order of magnitude.

Updates on SGD take the form:

W41 = W — Utvjt(wt)

There are a few methods we can look into such as mini batch, ADAM, momentum
and variance-reduced mechanism. They possess different and unique qualities, favor-
able circumstances and deficiencies [28]. Mini-batch: All things considered, rather
than playing out a perimeter update for each single training date, for the most part,
we use the SGD for each mini-batch of respective training data.
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Figure 3.3: The searching path of SGD

Momentum: At the point when curves of the surface are steeper in one dimension
than others, this technique has horrible performance since it would perform oscilla-
tions up and over the slopes. A basic method to defeat the shortcoming is to present
a momentum term into the update iteration. Momentum reproduces the idea of in-
ertia as per the laws of physics. This implies that in each iteration, the process of
updating isn’t just complied with the GD but also maintains a strong relationship
with the direction of the last update of iteration, referring to the momentum.
AdaGrad: This can adjust the pace of training as per the dissimilar significant vari-
ables, and perform bigger updates for the frequent and smaller updates for frequent
parameters. AdaDelta works specially well for sparse gradients.

SVRG: As of late, a few researchers find that SGD has slower convergance rate due
to the inherent variance of data. SVRG has linear convergence outcomes in case of
smooth and strongly convex loss. At each instance of SVRG, it is advised to keep
an adaptation of estimated value as that is near the optimal x.

3.6 Support Vector Machine (SVM)

This algorithm rotates around the idea of a margin- either side of a hyperplane that
differentiates two data classes. Maximizing the margin and in this way making the
biggest conceivable separation between the isolating hyperplane and the occurrences
on either side of it has been demonstrated to diminish an upper bound on the
expected generalization error.

SVM segregates the input dataset into a sub-set of the training data which are
called the Support Vectors. This current SVs are ideally separated between the
closest members from separate classes by utilizing the function known as Kernels.
Empirical Risk Minimization (ERM) is the method that minimizes training data’s
error. On the other hand, SRM limits the roof value of the anticipated risk. This is
the reason SRM performs better since it has the capacity to generalize[23].
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Figure 3.4: Soft margin SVM showing the (solid) maximal margin hyper-plane and
(dashed) functional margins for two categories of events (dots and squares) in two
dimensions[17]

On account of linearly separable data, when the ideal separating hyperplane is dis-
covered, the points of data that are found on the hyperplane’s margin are known as
support vector points and a linear combination of these points are perceived as the
solution. If the training data is considered as linearly-separable, (w,b) exists such
that

whez, +b> 1,2, € P

whe, +b< 1,2, € N

by rule of

Juwp(x) = sgn(wx + b)

where w is weight vector and b is bias.

When it’s conceivable to linearly isolate two classes, an ideal separating hyperplane
can be found by minimizing the Squared Norm of the separating hyperplane. This
minimization can be set up as a convex quadratic programming (QP) issue.

1
Minimize, yp(w) = 5(”“’“)2

subject to
yi(wer=i+b)>1i=1,...,1

Support vector classifier takes a number of inputs from features and makes a hyper-
plane to classify. Originally support vector machine works for binary classification
but as having three target attributes this entire handle lies in multinomial. Here we
have three targets so preparing information made by three classifiers demonstrates
is produced. After giving test samples, it finds the regarded coordinate prepared at
that point after it appears positive and gives the probability of positive reaction.
Dual of the square hinge loss function-

, 1 C <
mingseglul? + 3¢
=1
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subject to
yi((w, z;) +b) > 1 =&

for all 1 and
& >0

For classification problems, the convergence characteristic of we as C' — oo. For
regression we a theorem that implies- Consider any nonnegative and convex loss
function. If W, # 0 then

liMo— oW = Woo

where
Woo = aTg MiNyew,, ||w]|?

If L2 loss is used, then W, # () This is due to the fact that w,, is a model without
performing regularization hence overfitting tends to happen and also the perfor-
mance faces decline. However, it is not easy to identify a C,,q, so that if C' > C,,4.
then the model is close enough to we, [42].

A popular approach to solving k-class pattern recognition problems is to consider
the problem as a collection of binary classification problems. K-classifiers can be
built, one for each class. The hyperplane can be constructed based on majority.
Alternatively, (k(k — 1)/2) hyperplanes can be put to use along with some native
voted approach. In the Support Vector literature, one-against-all method has been
widely utilized to solve multi-class problems|[2].

3.7 Naive Bayes

The Bayesian classification is another technique for the supervised learning method
just as the statistical method for classification. It accepts a hidden probabilistic
model and it permits catching uncertainty about the model in a principled manner
by deciding probabilities of the results. The fundamental motivation behind the
Bayesian classification is that it can take care of predictive problems [43].

Naive Bayes depends on one or more conditional probability which is intended for use
in supervised induction assignments. It’s an extraordinary type of Bayesian network
depending on two suppositions. Here, the attributes are considered as independent
irrespective of their classes which implies that no covered up characteristic impacts
the model of expectation. Despite the fact that in real life it is hard to locate this
sort of independent data, they perform truly well and scales with the given Dataset.
NB is distinctive when it comes to treating discrete and numerical features. Naive
Bayes gives a basic and proficient methodology. Since it expects that numeric values
comply with a Gaussian Distribution, a few domains may not function admirably[23].
Typically the CP function is thought to me multinomial.

This sort of Bayesian Network is known as a Bayesian Multinomial Network or BMN.
It works with discrete variables only and accordingly, if there is a constant variable
then is must be put into discrete form, with a resulting loss of information. There
are multiple BMNs: Naive Bayes, k-dependent classifier, tree-augmented Bayesian
Network, and semi Naive Bayes. Within the sight of continuous variables, another
option is to accept that continuous variables are obtained from a likely Gaussian
distribution. The aforementioned type of network is known as conditional Gaussian
network (CGN). It can manage both discrete and other continuous variables and,
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thusly, it is a choice to work with mixed variables without the need to make discrete
of the constant ones. An auxiliary limitation of this network is that a discrete feature
cannot have continuous parent nodes. Despite the fact that the Gaussian estimation
function for variables that are continuous is extremely solid, it provides a sensible
guess to some practical and real-life distributions|5].

Figure 3.5: Gaussian Normal Distribution

This classification gives functional learning algorithm and can consolidate observed
data. Bayesian classification gives helpful viewpoint to comprehension and assessing
learning algorithms. It computes clear probabilities for hypothesis and it robust the
noise in input data.

We consider an overall probability distribution of two values P(x1, x2).

By utilizing Bayes’ rule, without loss of generality, we get this equation:

P(Jfl,l'g) = P(ZL‘l | IL‘Q)P(?L’Q)

Nalve Bayes is simple classification beneath supervised learning and regularly it
takes after Bayes hypothesis which uses predictive analysis through probability. The
main concept Bayes theorem is conditional probability. Conditional probability is
the likelihood of one thing being true given that another thing is true

3.8 Logistic Regression

This is a predictive technique under machine learning and utilized when the target
variable is categorical. As per rule, it calculates the likelihood of the target vari-
able. Similar to NB, logistic regression [6] works by separating some set of weighted
attributes from the input and joining them linearly, which implies that each feature
is multiplied by a particular weight and then summed up.

The most significant distinction between NB and logistic regression is that the lo-
gistic regression is a biased and discrimination oriented classifier while the NB is a
generative classifier.

The logistic regression hypothesis is

he(x) = g(0" @)
Where function g is sigmoid function which is defined as

B 1
Cl4ez

g9(2)
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Also, the cost function is defined as

m

J(0) = — > [~y log(he(x)) = (1 = y'log(1 — hy(z"))]

m <
=1

Figure 3.6: The logistic model

Multinomial calculated relapse (MNL) is normally directed utilizing greatest prob-
ability assessment, which is an iterative strategy. The primary cycle (called cycle
zero) is the log probability of the invalid or void model; that is, a model without
any indicators. At the following cycle, the indicators are remembered for the model.
At every cycle, the log probability diminishes as the objective is to limit the log
probability. At the point when the distinction between progressive cycles is excep-
tionally little, the model is said to have met, the emphasizing stops, and the last log
probability (LR) measurement is figured[16].

The impact of any autonomous variable on the result can be tried utilizing the
probability proportion (LR) measurement test. The invalid theory of this test is
that the in- subordinate factors don’t influence the needy variable. The invalid
model is determined by getting the log probability of the perceptions with simply
the reaction variable in the model from emphasis zero (for example model with
block alone). The last fitted model is determined by getting the log probability of
perceptions with all the autonomous factors in the model from the last emphasis
after union[16].

To conclude, logistic regression is a kind of regression that predicts the probability
of event of an occasion by fitting data to a logistic function [6]. Similarly the same
number of type of regression examination, logistic regression utilizes a few predictor
variables that might be numerical or categorical.

15



Chapter 4

Methodology

4.1 Description of dataset

We have gathered the information from https://www.kaggle.com/veeralakrishna/
aggressive-driving-data. The data represented here are part for an examination
investigating driver’s expertise dependent on whether the driver confronted any
impact with the preceding vehicle or not.

The collected data was separated into three categories. A structure was created
to predict the driving style of a particular driver into “Aggressive”, “Normal” or
“Vague”.

In the dataset these attributes were defined into numerical values. These categories
were defined based on the length, speed, weight of both the vehicle of the particular
driver himself and the preceding vehicle. Also there are all other attributes such as
lane of the road that vehicle is moving, time gap between preceding vehicles.
There are some encompassing components that are referenced in that dataset which
impacts on the driving style such as air temperature, precipitation type(clear, rain,
snow), wind direction, wind speed, condition of road based on the weather(dry
wet, visible track, snow covered) and lighting condition based on the time of the
day(daylight, night, twilight). Carsten and Hibberd (2020) appeared in their study
that speed limit ought to be controlled by street design and roadside department
[46].

According to Das and Datta(2020), the traditional method of partner the impact
of a solitary factor on the reaction variable isn’t sufficient to describe the unpre-
dictable idea of an accident event. As crash information contains a huge rundown
of contributing variables, there was an issue of ‘A larger number of highlights than
data point’ in tackling the research issue[40], this investigation helped to decide the
impact of weather and street condition is important to assess driving style.
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Figure 4.1: Speed Scenario of subjective vehicles and preceding vehicles

A research done by Jackett and Frith (2013) has built up a field technique to inspect
the impact of street lighting on metropolitan night time crashes. They set up nor-
mal street luminance as the key portion reaction variable in crashes and recognized
how various accident subsets can be affected by street lighting [10]. As indicated
by the car accident information gathered in 2013-2017 from Louisiana Department
of Transportation and Development (LADOTD) shows that around 55% of the ac-
cidents occurred in obscurity with various lighting conditions (Dark no light-28%,
Dark light-17%, Dark light at Int-10% and at dusk and dawn 4%) [40].

A study done by Chakraborty and Gupta (2013) dealt with perceiving the example
of driver’s conduct during various weather conditions under realistic simulation.
There they find the accident frequency within drivers up to 2years driving experience
having 13.64% in clear, 15.91% in rainy and 14.29% in the foggy situation. Besides
during foggy climates, high encountered driver’s accident recurrence was higher [9].
Numerous specialists contemplated the effect of weather conditions on traffic well-
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Figure 4.2: Lighting Condition
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being in Canada in 1993, an investigation on rainfall related accidents in Calgary
and Edmonton Cities reasoned that crash hazard is 70% higher in rainfall occasions
than the accident danger in clear weather occasions [1]. These show the connection
between driving examples to the weather and street condition.
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4.2 Workflow

This is the workflow by which we have progressed with the data and applied machine

learning techniques.

Collect Data|

¥

Data preprocessing

plit Data

Train Test
Selecting X
Important » Learn Model
Featuresz
[y
not satisfied
Tune

Test Model

hyperparameter |

End
Figure 4.4: Workflow

4.3 Data pre-processing

The data we have collected has been handled through certain means before sending
them through algorithms. Kotsiantis, Kanellopoulos and Pintelas(2006) stated that
the data pre-processing effects on the execution of a supervised ML algorithm. In
the event that there is a lot of unessential and repetitive data present or blaring and
inconsistent information, at that point information disclosure during the training
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stage is more troublesome [4]. In this project data normalization, feature selection
and correlation matrix procedure to process the supervised data set.

4.4 Data type conversion

In our dataset there were several features which were represented as categorical data
form such as Weather Detail (precipitation type), Condition of the road, Lighting
Condition. Python cannot work with different data types, every data type needs to
be the same for the evaluation process. For this purpose we have converted every
data into one specific type dataset for improving correlation between data. All
the data were converted into numerical form, specifically into integer and then we
proceeded into the next stage.

4.5 Data Normalization

Normalization is a data pre-processing stage where data is scaled to required in-
tervals [24]. Data scaling or normalization scales the data to study the considered
insights and valuable connections. Here we have used min-max normalization where
it changes the value of data in between 0 to 1. From [15],

r — min(x)

Z= max(z) — min(x)

4.6 Data Standardization

Standardization is a feature scaling technique where values are standard around
the mean and with unit standard deviation. Standardization is a useful technique
where data follows a Gaussian distribution. This technique is used when features of
input dataset has large difference between their range. Any algorithm that tries to
maximize the distance between the plane, if one feature has larger value than the
other, it might try to dominate over the other feature. This is where Standardization
can solve the complexity by giving all features the same impact on distance metric.
It is also known as z-score normalization [24].

(value — min)

standard deviation

4.7 Feature Selection

Feature subset selection is the way toward recognizing and eliminating as much irrel-
evant and repetitive features as could be expected. This reduces the dimensionality
of the data and enables learning algorithms to operate quicker and more viable [4].
In our algorithm we have used SelectKBest() method which selects features accord-
ing to the k highest scores. We have used “score_func”, “k”, “mutual_info_classit”
as parameters. The value for ‘score_func’ is ‘f_classif”, which is a default value and
computes the ANOVA F-value for the provided sample. We used “k=’all’”” which
indicates avoiding selection, for use in a parameter search. Furthermore we have
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used mutual_info_classif which estimates mutual information for an individual tar-
get variable. To remove low variance of column we called VarianceThreshold and
set the value of the parameter at (.8x (1 — .8))[8].

4.8 Correlation Matrix

Correlation matrix is a table which substantially shows the relationship among the
data in a certain dataset. This helps us to understand the connection of attributes
with the target variable that we use for prediction [22]. Here we created a correlation
matrix with the attributes and worked on correlation analysis of this dataset. Figure
of correlation matrix

Figure 4.5: Co relation Matrix
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Here we can see with the column Driving Style; there is a strong relation between
Speed of the vehicle, Speed of the preceding vehicle and the Lighting Condition
based on the time of the day (Daylight, Night and Twilight).

4.9 Data Splitting

Data splitting is a strategy to assess performance of machine learning. This tech-
nique takes the dataset and divides it into two groups, training and testing. Training
dataset is the subset of data used to train the model and testing dataset is the set
of data that is used to evaluate the model. The goal is to estimate the functioning
of the machine learning model. Here in this study, we have set up training dataset
to 70% and testing dataset to 30%.
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Chapter 5

Implementation and Results

In spite of the fact that there are three strategies accessible for normalizing infor-
mation Z score normalization, Decimal Scaling and min max normalization. Z score
normalization turned suitable for some algorithms.

After all data is cleaned, like converting string column to float and string to integer,
data is finally ready to jump into Algorithms using Scikit learn library. For our
research, we chose the common supervised machine learning algorithms- Logistics
regression, Decision Tree, Naive Bayes, Random Forest, Support Vector Classifier
and K-Nearest Neighbor.

5.1 Decision Tree

PY AN

Executing the decision tree ,we set our parameters as “criterion= gini”, “splitter=best”,
“min-samples-split=2", which gave accuracy of 94.5%. Gini index or gini impurity
is calculated for information gain of our classification problem which ensures best
distribution of nodes for splitting. Another point for utilizing the gini list for de-
cision trees since our objective with our dataset is .Analysts indicated that Gini
Record suites as it were the yield or target variable is categorical. For each node
‘splitter=best’ whereas separating each node the Decision tree classifier considers
best value whereas advance part. Here we did not utilize a pruning strategy since
all the branches utilized is fundamental for a way better result still after giving a few
pruning methods with ‘ccp-alpha=1" the accuracy altogether diminished in 46.66%.
The reason behind doing pruning is that 94.5% accuracy may look better accuracy
but it might cause over-fit data as applying the pruning method reduces accuracy
too much. We adjusted ‘max-depth=7"; this process may handle the over-fitting
problem . After all the adjustments we got 88.26% as final accuracy.

5.2 K-Nearest Neighbor

The main challenge was selecting the K value because from the startup we were
unsure about which value may lead to better results so plotting an increasing number
of K values against its error rate.

Here between range 0 to 5 shows less error value. As the curve starts to increase
the error rate goes high. So we took the K value in between 0 to 5 which is 3.
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Error Rate vs. K Value
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Figure 5.1: K value corresponding with error rate

Working on our dataset we adjusted parameters to improve accuracy which stan-
dard fit our predictive model; “n-neighbors=3" , “p=1", “weight=distance”. Here
three closest focuses are considered when calculating with Manhattan distance in
spite of the other two conditions for estimation is Euclidean and Minkowski. Our
optimized result appeared 86.0% with application of Neighbors component analysis.
Whereas putting ‘weight=uniform’ implies accuracy 77.26% reason behind that it is
found that our dataset has a few important features here and is able to assign higher
weights. For this reason if assigned ‘weight=uniform’ that means giving equal dis-
tance and dominance of all neighbors which resulted in less accuracy. Where setting
the value of K in “n-neighbours=3" accuracy diminished in 71% without neighbors
component analysis method. If K value is increased more the more we will get
less accuracy because the higher K value means consideration of more noise of data
and leading to less accuracy. Here we used Manhattan distance measurement by
‘p=1" because it lead to better accuracy .Relating to our dataset our target yield
is categorical as well as a few include like street condition- “dry”, “wet” and so on.
In spite of the fact that best accuracy recorded by altering parameter, calculating
distance by Euclidean, KNN classifier result dropped in 78.88% Manhattan distance
is primarily calculated on real vector where calculating distance like squared way
here our dataset gave better accuracy. So we will accept that our data points are
not hypotenuse like Euclidean or maybe like distance is like grid ways.

5.3 Naive Bayes

We have utilized Gaussian and Multinomial Naive Bayes both gave exactness like
69.9% and 47.2% which is very poor to consider though making adjustments in hyper
parameters. In two inquiries Gaussian naive bayes gave a small way better result
since continuous values associated with each feature are assumed to be distributed
according to a Gaussian distribution. It gives a bell formed curve where values are
about the mean of the point values as made clear[6].

Moving on the multinomial without experiencing Bayes accuracy because our knowl-
edge unit has the highest correlation with each point like speed is dependent with
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weight and length of the vehicle and other external instances like road condition,
light condition, wind direction which affects the target given properties. Uncom-
monly Multinomial utilized to know the number of occurrences of a word in a given
situation. We have considered Bernoulli Naive bayes and result came about 47.8%.
Bernoulli works well with the situation of the dataset feature like Positive or Nega-
tive, Victory or disappointment or any twofold nature at that point Bernoulli suits
perfectly but as our dataset don’t contain any double possibility so Bernoulli seems
not fit effectively with higher accuracy. In common Naive Bayes works best when
dataset attributes are free from each other but our dataset is each attribute are
exceedingly related to each other which lead to changed poor result.

5.4 Random Forest

We utilized a Random Forest classifier utilizing parameters like “bootstrap=True”;
“max-depth=7"; come about 89.27% accuracy. Here bootstrap tests are connected
when building decision trees and at least two tests for decision trees with hundred
trees in forest with each tree depth is seven. Expanding the tree more means in-
creasing max depth, it seems that more information is captured in the tree.. For
this reason after applying “max-depth=8”, accuracy hopped into 93.30%. Here is
the point that very high amount accuracy may increase confusion about over-fitting
so we finalized accuracy as 89.27%.

5.5 Logistic Regression

As we have three target variables our handle lies on Multinomial Logistics regression.
Logistic regression mainly works with a logic function which could be a logarithm
work which confines probability between 0 and 1. Here we have a few sets of features
Speed, weight , length and so on from our dataset which is an autonomous variable
X and Y is the subordinate variable which is calculated by summation of the set of
x with its comparing coefficient from each X variable.

Estimated function then parsed to an exponential function called sigmoid func-
tion. We adjusted hyper parameters in “ “max-iter=100000"; “solver="newton-
cg””. Maximum iteration is considered 100000 since less thought of greatest em-
phasis gives less accuracy so the greatest cycle 100000 is taken to solve to converge.
Here “solver=newton-cg” is considered to handle multinomial loss. We applied re-
quired adjustment and the extreme result for logistic regression appeared in 73.88%.
Investigating the reason logistic regression works well when whole data is linearly
separable with each other which can be seen by a simple set of features but here
selected features are highly dependable with each other and perfect linear separable
data is rarely found in the real world. Now optimizing the multinomial loss selecting
optimizer algorithm may work i.g stochastic gradient descent algorithm. SGDclassi-
fier calculates the loss function with updated weight and loss function. One special
thing is added there is “Loss="log” and accuracy ended up at 71.73%.
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5.6 Support Vector Classifier

Support vector classifier usually implemented by libsvm library. We used a stan-
dard scalar because a large number of input samples could have multivariate data
with large numeric range. Standard scalar improves accuracy here because it makes
the whole training and testing sample by scaling with mean of 0 and standard 1.
Without using standard scalar accuracy dropped in 47.2% . The reason behind
scaling because looking at the dataset each attribute ranges differs a lot. Describing
dataset vehicle length, weight also preceding vehicle length and weight lies with dif-
ferent magnitude and units. This reason Support vector uses standardization to re-
duce feature dominance over each other and separates themselves properly by hyper
plane. Including more regularization parameters acknowledges more missed classi-
fication on our dataset, expanding it into ‘C=3’ our score expanded into 83.67%.
Here we set the regularization parameter as ‘C=3’, normally regularization is ap-
plied to avoid wrongful classification of data. LinearSVC normally use liblinear by
minimizing squared hinge loss and takes less computational time which converge
faster using ‘Kernel=linear’. As it takes less time to compute so it can be defective
to calculate the loss function.It can be a reason to less accuracy of using LinearSVC.
We applied LinearSVC and got 72.2% accuracy.
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Chapter 6

Result Analysis

We have selected four algorithms among all these algorithms we have worked with,
where the accuracy rate is above 80%. These are the algorithms, Decision Tree,
Random Forest tree, SVC and KNN. Before analyzing these algorithms we need
to look into some parameter that works on measuring the performance rate of any
machine learning algorithm.

If we look into the accuracy rate we can visualize the comparison among all these
algorithms.

Figure 6.1: Representation of accuracy by applied algorithms
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Figure 6.2: Representation of Naive Bayes algorithm accuracy.

6.1 Confusion Matrix

Confusion matrix is a tabular formation to visualize the performance of the algo-
rithm. Usually in binary classification, it contains two columns and two rows , where
we can get four values; True positive, True positive, False positive and False nega-
tive. True positive shows the number of prediction where prediction is positive and
it is true, false positive indicates the number of prediction where prediction is posi-
tive but it is false (Type 1 error), true negative indicates the number of prediction
where prediction is negative and it is true and finally false negative indicates the
number of prediction where prediction is negative but it is false (Type 2 error). For
multiclass classification, we can get true and false value by visualizing data in the
matrix and calculate the value by adding cell value.

6.2 Accuracy

Accuracy is one of the models to evaluate classification models. It is the number
of correctly predicted data points among all the data. It determines the rate of
correct classification. It is a ratio of correctly predicted value to the total value.
The equation to determine accuracy value is for binary class is:

TruePositive + TrueNegative

A =
ceuracy TruePositive + TrueNegative + FalsePositive + FalseNegative

But in multi-class classification, we have to calculate average accuracy per class.
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6.3 Precision and Recall

Precision and Recall score is another way to determine the rate of correct classifica-
tion. Precision score represents the ratio of correctly predicted positive value. On
the other hand, recall scores represent the ratio of correctly predicted positive value
to the total predicted positive value that could have been made. Precision score only
points out the correct positive prediction of all positive predictions whereas recalls
can give us an indication of the missing positive prediction.

Precision for multi-class is

P Zc TP,
= ZCTPC+ZCFPC
Recall for multi-class is
R ZC TP,
Y, TP.+> FN,

6.4 F1l-score

F1 score is a way to provide a combination of both precision and recall into a single
scoring system. It interprets the weighted average of precision and recall. So we
can also visualize false positive and false negative values and consider those values.
Accuracy score can give the best result under the circumstance of having the same
false positive and false negative value. Otherwise we need to look for precision and
recall score, here f1 can be very helpful.

2 x Precision + Recall

F-M =
casure Precision + Recall

6.5 Error calculation
Error calculation in machine learning is a very important process to identify the
learning rate of a particular algorithm. It can measure how accurately an algorithm

can predict the end result for previously unseen data. We have used the following
methods to determine our calculation error.

6.6 Mean absolute error

Mean Absolute Error (MAE) is the result of measuring the difference between two
continuous variables. It refers to the mean absolute value of each predicted error in
every sample of the dataset. The equation for MAE is:

n
Z ‘yz - 3Cz|
i=1 n

Where y is predicted value, x is true value and n is number of data.
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6.7 Mean squared error

MSE is the result of the average of squares of the errors. It gives better output as a
loss function than MAE because unlike MAE, sum of square error is differentiable
at any point and gives non-negative error. So by taking the mean of the sum of
the square error will compute less total error value for a large number of data. The

equation for MSE is:
n o ) 2
MAFE = E —(yz %)

- n
=1

Where y is predicted value, x is true value and n is number of data.

6.8 Root mean squared error

RMSE is standard deviation of the prediction error. It gives high weight to large
errors as errors were squared before they are averaged. The equation is:

n )2
MSE: Z(yl wl)
n

=1

Where y is predicted value, x is true value and n is number of data.

6.9 R2 score (Coefficient of determination)

R2 score is a measurement that determines the measure of how well the prediction
approximates the real data. This score represents the quality of fit of a model. The

equation for R2 score is:

SSR
R2 Score =1 — ST

Where SSR is sum squared regression(sum of error squared) and SST is total sum
of squares.

Next, we move on into the algorithms’ performance individually and evaluate them
based on their performance.

30



6.10 Optimal Algorithms

6.10.1 Decision tree

Among all the algorithms, the decision tree gave us the highest accuracy value, which
is 89.27%. Here, for this algorithm, we tried to figure out important features based
on correlation with each other and only selected those features for reevaluating the
whole algorithm, which aided us to achieve this high accuracy rate.

Figure 6.3: Important features in Decision Tree

Figure 6.4: Confusion matrix of Decision Tree

If we look at the confusion matrix we can focus on more in depth analysis.

31



Aggressive | Normal | Vague
TP:196 TP:481 | TP:647
TN: 1201 | TN: 908 | TN: 646
FP: 88 FP: 106 | FP: 51
FN: 40 FN: 62 | FN: 143

Table 6.1: Retrieved values from PL and TL for Decision Tree

From this fig we can figure out precision and recall score, which is respectively 0.8694
and 0.8595. The average of these two scores means fl score is 0.8641, which is a
very good score as it is pretty close to a perfect 1 score mark. Now if we look at
error calculation, we can see the value of the MAE, MSE, RMSE and finally the R2
score is respectively 0.158, 0.2393, 0.4892 and 0.5620.

Wind Direction==1.5
gini =0.623
samples = 3488
value = [622.1231,1645]
class = Normal

Length of Preceding Vehicle Wind Speed <= 1.5

;Tn?:z[; ?2?}?0 gini=0.544
samples = 853 samples = 2645

value = [530,477,1638]

value = [92.754,7] class = Normal

class = Normal

1

Here root node wind direction includes a threshold value of 1.5 . Based on this
condition the root node is split further. Here another we will see root node has 3498
samples over there which is divided in left child with 853 samples and right one is
2645 samples and value in root node implies how many samples the node got for
each categories implies 622 for ‘Aggressive’ category , 1231 for ‘Normal’ category
and 1645 for * Vague’ category. If we visualize the tree till final at that point we
might see each of the leaf nodes are under a class always. Gini impurity always
shows the chance of being incorrect in a node so when we reach till last node gini
value will always be 0.0.

Figure 6.5: Representation of Decision Tree Classifier
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6.10.2 Random Forest

Random forest does a good job on accurately predicting data as well. The accuracy
score on this one is 89.27%, which is pretty high. Here we have used the gini index
for classification and depth value was 7. Confusion matrix for this algorithm is:

Figure 6.6: Confusion matrix of Random Forest

From this fig we can figure out precision and recall score, which is respectively 0.91
and 0.853.
If we decipher this we can get these values,

Aggressive | Normal | Vague
TP:192 TP:467 | TP:690
TN:1232 TN:936 | TN:671
FP:71 FP:80 FP:10
FN:15 FN:17 | FN:129

Table 6.2: Retrieved values from PL and TL for Random Forest

The average of these two scores means fl score is 0.87. In error calculation, the
value of the MAE, MSE, RMSE and finally, the R2 score is respectively 0.15, 0.2353,
0.4851 and 0.5694.

6.10.3 KNN

Executing the KNN we got accuracy 69% the reason behind we extricated a V7
which signifies the ID of preceding vehicle . The reason for dropping this column
is as a human presumption we thought is generally less important for the classifier
model but accuracy appeared less for final consideration.

In spite of the fact that the scattered plot appears the numerous train inputs basic
within the following classification field still the accuracy is less. After giving back
the ID of the preceding vehicle included the result brought about in 71%

Then we tried different dimensionality reduction methods for this particular algo-
rithm to improve the performance of this classification. Dimensionality reduction is
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Figure 6.7: kNN visualization

a process of reducing a number of redundant data from a very large dataset. Be-
cause of having a higher dimension in the dataset, data classification process can be
degraded. To solve this issue we used dimensionality reduction and figured out all
the features that have more precedence over the whole classification process. There
are two processes we have used to extract our data, PCA and NCA.

Principal Component Analysis(PCA)

PCA is an unsupervised, non-parametric technique where it extracts a lower di-
mensional space by analyzing variance-covariance structure. PCA reduces all the
features that have a lower percentage of variation that each PC accounts for and
makes it easier for learning the dataset. It makes maximum variability of the dataset
by creating a base on the mean value of data and rotating the axes for more visibility.
PCA can be computed as: [13]

POA=S (Y~ m)(Y; —m)"

=1

Where n is the number if instance, Y is i-th instance and m is the mean vector of
input data.

By using PCA we managed to get a 2D graph representing KNN classification, but
the accuracy level increased by 72%, which was not more satisfactory than our initial
prediction with 69%. Then we used the NCA method for classification, which gave
us 86% accuracy rate. NCA also showed us correlation among the features of the
dataset, where we can visualize which feature has stronger dependency among each
other.
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Neighborhood Component Analysis(NCA)

NCA is a non-parametric technique which selects features to maximize prediction
accuracy of classification algorithms. It is a dimension reduction process but unlike
PCA, NCA is a supervised method. PCA optimizes the loss variance whereas NCA
works on overall classification accuracy. According to Goldberg, Roweis, Hinton
and Salakhutdinov, by restricting A to be a non-square matrix of size dxD, NCA is
able to work on linear dimensionality reduction. Here, the trained metric will be low
rank, and the modified inputs will lie in R¢. Since the modification is linear, without
loss of generality we only recognized the case d<D. By making such a limitation, we
can conceivably derive many further benefits beyond the already suitable technique
for learning a KNN distance metric [3].

By using PCA we managed to get a 2D graph representing KNN classification, but
the accuracy level increased by 72%, which was not more satisfactory than our initial
prediction with 69%. Then we used the NCA method for classification, which gave
us 86% accuracy rate. NCA also showed us correlation among the features of the
dataset, where we can visualize which feature has stronger dependency among each
other.

Figure 6.8: Points proportional with their distance

Before dividing the dimensionality reduction handle we took our 16 samples from 3
classes and plotted the point into original space. We centered on point 9, where we
were able to see that the thickness or less thickness with other points. It primarily
appears the distance among them. Then we used Neighbor component Analysis for
learning those following points. After we plotted the points after change, we took
embedding and found the closest neighbors.
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Figure 6.9: Neighbor component Analysis based on closest neighbors

As we know KNN decision boundary is controlled by the value of K which is quite
problematic because of non-linearity. NCA has come up with a way better solution
for this, since class decision boundaries are given by Nearest Neighbor classifier.

Figure 6.10: K- nearest neighbor (K=3) with Neighbor component Analysis

Here we can analyze that after applying the change of K nearest neighbor with
considering Manhattan distance the figure appeared up like it, In spite of the fact
that it was not perfectly linear in shape but accuracy is 86%. We might or might
not get a way better linear shape by considering Euclidean or Minkowski distance
but checking on accuracy below 80% which is less than our consideration. So for
this particular scenario, we selected the NCA method for KNN classification. Now
if we look at the confusion matrix we get,
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Figure 6.11: Confusion matrix of K-nearest neighbors

If we decipher this we can get these values,

Aggressive | Normal | Vague
TP:199 TP:473 | TP:629
TN:1201 TN:884 | TN:716

FP:54 FP:74 FP:71
FN:46 FN:69 FN:84

Table 6.3: Retrieved values from PL and TL for kNN

Here we can see, precision score and recall score is 0.8673 and 0.8499, and f1 score is
0.8527. If we focus on error calculation we can get 0.17 for MAE, 0.24467 for MSE,
0.4946 for RMSE and 0.5523 for R2 score.
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6.104 SVC

Lastly we have SVC with 83.67% accuracy rate. Here we have used linearSVC
method and SVC method. The linearSVC model in python uses the same parameter
as SVC, but rather than implementing the term libsvm it uses liblinear. LinearSVC
minimizes squared hinge loss whereas SVC minimizes regular hinge loss. Moreover
in multiclass classification LinearSVC uses one-vs-rest and SVC uses one-vs-one
Confusion matrix for this algorithm is:

Figure 6.12: Confusion matrix of Support Vector Classifier

If we decipher this we can get these values,

Aggressive | Normal | Vague
TP:171 TP:424 | TP:660
TN:1201 TN:908 | TN:646
FP:88 FP:106 | FP:51
FN:40 FP:62 | FN:143

Table 6.4: Retrieved values from PL and TL for SVC

The precision and recall score for this one is 0.8349 and 0.796. The f1 score for SVC
is 0.8202. Again for error calculation we get 0.2373 for Mean Absolute Error, 0.3653
for Mean Squared Error, 0.6044 for Root Mean Squared Error and 0.4418 for R2

score.
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6.11 Comparative Analysis

If we look at this table we can see the comparison between these algorithms, we can
make a comparative decision on which algorithm works best.

6.11.1 Error Calculation:

. Mean absolute | Mean squared | Root mean squared | R2

Algorithms

Error Error Error Score

Random 0.15 0.2353 0.4851 0.5694

forest

Decision Tree 0.1585 0.2393 0.4892 0.5620

KNN 0.17 0.2447 0.4946 0.5523

SVC 0.2373 0.3653 0.6044 0.4418

Table 6.5: Error Calculation

Here we can see the score for error calculation for different algorithms. We can
see the order from least to highest Mean Absolute, Mean squared and Root mean
squared errors are Random Forest, Decision Tree, KNN then SVC. Although there is
no perfect score for mean absolute error, mean squared error, there we can measure
the performance by the order of it. The larger the value of mean absolute error
and mean squared error is, the more widely the data are scattered around the mean
value. Same goes for Root mean squared error, it indicates that the lower root mean
squared value can relatively predict the data accurately.

Figure 6.13: R2 score

On the other hand, R2 score which means coefficient for determination represents
the value for better accuracy, higher value means the points are closer to the trend
line. So from the table we can see that the Random Forest has a higher level of
correlation than the others, then gradually Decision Tree, KNN and SVC algorithms.
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6.11.2 Performance evaluation:

Algorithms | Accuracy | Precision | Recall | f1 score
Random 0.8927 0.9104 | 0.8525 | 0.8744
forest
Decision Tree 0.8826 0.8694 0.8595 0.8641
KNN 0.86 0.8673 0.8499 0.8527
SVC 0.8367 0.8349 0.796 0.8202

Table 6.6: Performance Evaluation

To evaluate an algorithm, only accuracy is not enough. We need to compare preci-
sion score, recall score and f1 score for a better picture. Precision score is needed to
show the results which are relevant. Here we can see Random Forest has the highest
f1 score, then gradually the value decreases with Decision Tree, KNN and SVC. The
least precision score is SVC which is still higher than 80%, which can be determined
as satisfactory. Same goes for recall or sensitivity score. This is very important to
determine the performance of the algorithm as well as it indicates the total relevant
result correctly classified by the algorithm. We can see the same score pattern as
precision and recall as well.

Figure 6.14: f1 score

Now if we focus on the F-measure score, we can see the similar consistency as well.
So in this case we can say that there is a consistency among all these four parameters
to determine algorithms performance.

If we look at these results, we can definitely see that the Random Forest makes the
best prediction among all the others. Second most effective learning method is the
Decision tree. Decision Tree can work with both categorical and numerical value, it
can avoid over-fitting by pruning and it is a faster process for training and testing
without even following any normalization and feature selection process. The most
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important feature of this algorithm is, it is easier to interpret, which is beneficial for
understanding data classification. Decision tree is built on a whole dataset whereas a
random forest selects specific features or variables to make multiple Decision Trees
and picks the best one to classify the dataset. Random Forests are less likely to
over-fit than Decision Trees.

Next we have KNN;, like the decision tree, KNN is also a non-parametric algorithm,
this algorithm is a fast learner and easy to implement. But compared to random
forest, random forest support feature interaction, which KNN cannot. This may
have played an important role in our data model as well, since it is a very large
model.

In classification problems, SVC is a very well-known algorithm. In high dimensional
space, SVC is a very effective method, it is very effective in those cases where the
number of dimensions are higher than number of cases. But in a large dataset,
performance may degrade. In cases where the dataset has more noise or target
classes overlap, which exist in our case, SVC can under-perform.
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Chapter 7

Conclusion and Future Plan

7.1 Conclusion

In this research, we have presented an extended comparative study of driver evalu-
ation using supervised machine learning algorithms. All these algorithms helped us
to select a better method for evaluating driver’s driving skills with proper classifica-
tion method. Our studies find that the Random Forest algorithm works best with
the attributes of our dataset due to its abilities of fast-processing and selecting best
features to classify the dataset. We have also faced limitations with other algorithms
as have not provided satisfactory results for our data model. With the goal to re-
ducing road accidents and loss of precious lives in Bangladesh, we can apply this
model to monitor a driver’s and their respective vehicle’s status and performance in
a digitalised way so that the corresponding authority can take help from this system
to minimize the number of accidents happening in our country. And as a bonus,
ride sharing applications and relevant companies are also recommended to attain
insights from our research to conduct quality business with more assurances given
to the consumers. All in all, our study looks forward to contribute significantly
to the rapidly changing dynamics of road and highway status in Bangladesh. As
computer scientists, we continue our fight to save every life possible, specially, in
terms of vehicular transit.
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7.2 Future Plan

Driver evaluation systems with the help of machine learning have a lot of scope to
improve. With the constant change of technology, we have to find smarter and more
efficient ways to solve our problems. As we are working with driver classification we
could make the classification more precise and accurate. With the help of Kalman
Filter, we can improve our model further.

Kalman filter is an algorithm that is used to estimate true value, position or any
object being measured that contains random error or variation. It is basically an
optimal estimator that infers parameters from indirect, inaccurate and uncertain ob-
servations. Since it is a recursive process, we can use it to include new measurement
and hence more accurate predictions.

In future, we want to use our research and Kalman filter, collaborating to create an
embedded system diligently connected to the cloud and thus stakeholders can view
the driver and vehicle status in real time. In terms of traffic analytics, with the help
of this technique, we can incorporate it with our project by predicting traffic flow,
vehicle density, average spacing, headway which can also help to resolve mass-traffic
adversities. As of now, the expense to carry out this project is more than we can
afford at undergraduate level. However, we sincerely look forward to carrying out
the aforementioned project using an embedded system given the opportunities and
necessary funding presented.
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