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Abstract

In this thesis, we investigate the problem of crime classification given video footage
from CCTYV cameras. To do this, we will use 3D convolutional neural networks
that first intended to be used for recognizing various actions. The unique fea-
ture of 3D convolutional neural networks lies in the fact that they capture both
spatial and temporal dimensions by using 3D convolution, thus processing the mo-
tion data and its outlines. The system discussed in this thesis produces distinct
channels for incoming data based on the input sketches. The final part includes
representation that aggregates data from all channels. It is shown that the dis-
cussed architecture results a high accuracy in identifying the type of criminal
offence shown in the underlying video footage.



Anpnarna

Bya mmnmoasik xxymblcta 6i3 OeiinebaKplilay Kanepaiapbliail ajbliran Gefige-
AKa30a’1apabl CCKCPe OTBIPBIN, KbLIMBICTbI capasiay MaCeJICCiH 3epTTeiimiz. By
OPCKETTI TaHy ymiin Gacrankelia asipaetren 3D KOHBO.TIOWIIOH,IbI  He{TPOH, IbIK
Keuivepl KoJjlanambl3. 3D CNN 3D KOHBY/IbCHSICBIH OPbIHJIAY KOHE OCbLIafiia
OPTYPJIi Iprejiec KOHTYpIap/a KOJATAJIFAH KO3rasibiC ACPEKTEPIH TYCIPY apKbliibl
KCHICTIKTIK 2KOHC KYHICTIKTI ©/IICMICPACH OoJICKTeH . 2N acanran MO/ICTIb Kipic
SCKI3epiliell JlepeKTepAill SPTYpPJll aplasiapbiil AKacalbl, al conrnl Kocy Kepitici
Oap.iblK apHa/1ap/latbl JepeKkTep,i OipikTipeui. Biz Gy »Keylsiep GelineMarepuayi-
AapJa 0acTa.IraH KbUIMBIC TYDIH aHbIKTAy/1a ZKOFapbl JIDJLIKTI YCHIHATBIHBIN KOp-
CeTeMi3.



AT

AHHOTaINSA

B naunnoft qicceprammin Mbl ncesetyent 1podieMy KaaccnduKaIit IpecTyILIeHIi
[0 BHCOMATCPHAJIAM ¢ KaMep BILICOHaOMIOACHHSL. Juist 9TOro bl GVACN HCIIOMb-
30BaTh 3D cBepTOYHBIE HENPOHHBIE CETH, II3HAYAILHO Pa3spabOTAHIbIC 115 pac-
nosuasauiist jeiictsuii. 3D CNN Bblie/sieT Kak 1poCTpaHCTBEeHHbIe, TaK 11 MIIp-
CKIIe 1I3MepeHlisl, BbIIOH:As 3D-CBepPTKY I, TaKlIN 06pa30al, 3aXBATBIBAS TaHIbIC
O JIBIZKCHHH, 3aKOJHPOBAHHBIC B PABIHUHBIX COCCAHIIX KOHTYpax. Co3aiHast Mo-
JeJIb releplpyeT pasjiHdlible Kallajbl JallbIX 113 BXOILIX ICKIB0B, a OKOIYa-
TE/IbHOE BKJIIOYACMOe 1IPejCTaBileHe 00beANHSICT JaHble 13 BCeX KaHasios. Mbl
[OKA3bIBAEM, UTO 3TH CETH 0DECNIEUHBAIOT BLICOKYIO TOMHOCTD ONPC/IEJICIHS THIIA
IIPEeCTYILIeHHs, HAYATOr0 Ha BILICO3AIIHCH.,
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Chapter 1

Introduction

1.1 Motivation

The total amount of perpetrator spite has increased dramatically. This can be
a terrifying attack where one or more people use weapons to prevent an attack
by a single person. This has led to the ubiquitous use of surveillance cameras.
This has made the difference specialists spot brutal attacks and take the simple
steps in order to diminish the unfortunate iimpact. However, almost every systein
today need manual human-hased verification of the underlying video snippets to
discriminate such scenarios. It is clear that the given state of affairs is impractical
and far from efficient by any measure. It is in this context that the proposed study
becomes relevant. Having such a sensible framework that can review consistent
intelligence records and identify people’s wild behavior will contribute well and
help the law and the establishment. In the given thesis we will look at crime-
related activities through CCTV video footage.

Clearly, almost every major city has significant number of CCTV cameras.
This number is only growing and projected to grow in the future. The natural
problem is getting these cameras to detect and verify crime scenes. The major
complication of working with video-based data lies in the huge amount of storage
needed and data density. One should remember that a single second of the given
CCTYV footage can contain roughly 24 frames that must be examined. Thus, a
process of crime scene detection involves working with both spatial dimensions of
a single frame and temporal differences between consecutive frames. Given this
observation, crime scene detection task ought to deal with both space and time
hased data.

1.2 Aims and Objectives

In this study we try to understand the wayvs to classify crime video footage by
crime classes. For this, we are using 3D Convolutional Neural Networks (CNN) as
they have demonstrated considerable success in the problem of action recognition
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from video footage. We have provided background for upcoming discussions and
we have reviewed the available relevant literature.

1.3 Thesis Outline

The given thesis is intented to follow the given logical order. First chapter is where
we provided necessary background for the upcoming discussions. In particular,
we go cover the topics of erime detection, artificial neural networks, convolutional
neural networks (CNN), 3D convolutional neural networks (3D CNN). In chapter
2 we review relevant literature. We believe that our research should be built upon
the earlier research. We cover the most relevant and influential papers in the
given domain. In chapter 3, we share our results. In the final fourth chapter, we
summarize the thesis and provide conclusions. At the end, we provide references.



Chapter 2

Background

2.1 Crime Detection

The later decades witnessed an immense growth in urban urban populaces, which
has driven to the request for a secure, affable and feasible society. With the pres-
ence of ever-increasing urban development inundating rural areas and provincial
regions, overseeing urbanization is and projected to be a significant issue for al-
most all government organizations. Major cities are getting to be overpopulated,
constraining governments to embrace shrewd city activities that would offer as-
sistance way better oversee framework and address major security, supportability
and improvement challenges. Whereas keen city activities have picked up huge
force with the guarantee of progressing quality of life, they too have their possess
challenging angles. One of the greatest challenges in keen city life is the issue of
sccurity. Different think tanks have written about have been conducted to way
better get it wrongdoing designs and their relationship to the socio-economic ad-
vancement of particular locales, human characteristics, their level of instruction
and family ties [29].

Wrongdoing examination organizations have distinguished diverse sorts of vi-
olations. The four fundamental categories incorporate slaughtering, badgering,
plundering, and strongly assaults. Murdering or kill alludes to the willful kill of
one individual by another. Badgering is the sexual manhandle of a lady, man,
or child against their will. This wrongdoing is as shocking as assault and has
genuine results. Plunder alludes to the act of taking merchandise from a human
domain utilizing over the top physical drive or drive. At long last, strongly as-
saults allude to the illicit encounter of one individual against another in arrange
to attain something or essentially hurt the individual [51]. Wrongdoing discovery
could be a need in urban life, and machine learning could be a well known strategy
for wrongdoing location and anticipation. A few organizations around the world
have tested with these strategies.

It has been consistently noticed that violations are regularly unsurprising, re-
quiring as it were the handling of huge quantities of information that would reveal



curiously designs appropriate for law authorization. In numerous cases, violations
committed regularly go unreported due to outside weights from all divisions of
society. Cleverly frameworks can expeditiously distinguish wrongdoing and offer
assistance dispose of such manipulative action by bvpassing people and naturally
informing the fitting specialists. For case, the study by Borges et al. [29] exam-
ined the case consider of San Francisco, USA, and Natal in Brazil, where criminal
movement was broad. The different traits of urbanization in these two cities were
analyzed and after that sophisticated machine learning models were actualized to
distinguish hotspots of criminal action.

Agreeing to [51], they made a relapse demonstrate to anticipate wrongdoing
rates in several Indian states. Directed and unsupervised learning procedures have
too been utilized to realize moved forward precision in wrongdoing forecast. In
|36], the fluffy implies calculation was utilized for wrongdoing information cluster-
ing for different recognizable wrongdoings, specifically seizing, kill, forceful theft,
burglary and wrongdoings against ladies. Essentially, closest neighbor strategies
have been utilized to sereen wrongdoing rates, which have made a difference to
get it wrongdoing sorts and time and place information of the underlying event.

Considering the different ponders that have been conducted, it is famous that
most of the existing work emphasizes the utilize of criminal past history and popu-
lace density levels for wrongdoing forecast. However, one could look at other four
property era strategies for identifying criminal offenses. The dataset contains dif-
ferent wrongdoing areas in an region where implies clustering is connected, coming
about in wrongdoing hotspots. At that point a wrongdoing proportion network
is made, which leads to the expectation of wrongdoing likelihood when subjected
to a machine learning show. Beneath the proposed technique, wrongdoing recon-
naissance is carried out utilizing the taking after strategies:

(i) It is possible to propose the Crime Dynamics Probability that is meant to
compute the relation dynamics of one criminal offence to the some other
criminal offence.

(i) Onc could also proposc that Vulnerability Index. It should tell the security
level of the underlying area.

It ought to be famous that much existing work employments manufactured
insights and machine learning to extricate wrongdoing designs and distinguish and
anticipate criminal episodes. Most of the existing works have a few restrictions.

Wrongdoing may be a worldwide issuc that emerges day by day and impacts
society, negatively impacting society |9]. The continuous ever-increasing populace
at the side expanding urbanization has driven to an immense increment in crim-
inal action [18, 37|, especially in urban settings [46, 43, 38]. Whereas expanded
police nearness has been reported to diminish increments in wrongdoing [1], police
must be able to arrange for and respond successfully to criminal occasions, espe-
cially those influencing personal or open security. The police and others within
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the respectful arrange would advantage specificallv from insights to assist battle
all shapes of wrongdoing, and insights may be a prerequisite for overseeing and
battling “smart” shapes of wrongdoing [2§].

Data-based insights requires data or information and a technique for analyzing
the information. Law authorization offices are an fabulous source of huge quanti-
ties of information. For illustration, the figures of accessible capture records from
2017 to 2019 for the city of Detroit is 81,442, 82,195 and 83,898 are [15|. or nearly
a quarter of a million records for the given 3-year period.

Manufactured insights and more precise machine learning (ML) give instru-
ments to move forward police information of current and hypothetical wrongdoing
and encourage extensive criminal approach choices. Machine learning procedures
typically scale pretty decently to exceptionally expansive quantities of information
[27]. Neural Network based systems (NNs) are a type of machine learning based on
the usefulness of the human brain and its neurocognitive handling. NNs are the
foremost effective and precise clustering innovation accessible [27], empowering
high-quality data to bolster police intelligence capabilitics.

2.2 Machine Learning

The typical objective of machine learning is to find a mapping between input
patterns and output values. For example, we have object pictures as input data
(represented by pixel intensity values) and proper labels as output values (one for
cach category of item). The algorithm’s goal then becomes to learn this mapping
(from samples to output value) in order to anticipate the proper output of a new
input sample. In actuality, this straight mapping from input to output values is
frequently a complicated and non-linear function that machine learning algorithms
that only lcarn a lincar mapping cannot uncover.

This is why researchers use hand-optimized characteristics to describe data so
that the algorithm can learn the simplest mapping from these attributes to the
output value. Unfortunately, this technique necessitates the creation of new hand-
optimized features for cach new activity, and the engineering process is complex
and time-consuming.

In the case of this work, we also look at algorithms that attempt to learn
feature representations from data on their own. In most cases, the so-called
training set is utilized to fine-tune the machine learning model’s parameters. This
training set contains n input vectors {z1, 2, ... ,zn} as well as n target vectors
if desired (one for each sample). The parameters of the model, which define the
mapping from the input vector z; to the output value y(z;), arc adjusted during
the training phase, also known as the learning phase. Following the training
phase, the test set is used to determine the model’s quality.

Generalization refers to a model's capacity to properly forecast the target value
of fresh (unknown) samples. Generalization is critical in machine learning since
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the training sct often only includes a tiny portion of all potential input vectors.

There are several approaches to dealing with this problem. which is discussed in
the subsections below.
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Figure 2.1: Machine Learning Settings

There are several machine learning settings, as seen in the diagram above and
detailed further below. The algorithm type is determined by the properties of the
data collection and the specific job, as explained below.

Supervised Learning
A classic machine learning issue is the supervised learning problen. The training
data consists of tuples (z;, y;), where z; represents the input vector and y; repre-
sents the target vector. A classification problem is one in which the goal value is
discrete, such as the digit identification issue, and the pictures are mapped to a
finite number of discrete categories. The job is known as a regression issue when
the goal value is continuous. The prediction of the price of a house (continuous
output value), where the input variables are the number of rooms and the living
area, is an example of a regression issue.

Learning Without Supervision
The training data in unsupervised learning issues consists of samples of the input
vectors without any matching goal values. Clustering, density estimation, and
visualization are some of the aims of unsupervised learning challenges. Clustering
is a technique for identifying groupings of comparable items based on measurable

12



or perceived similaritics between them. The goal of density estimation is to figure
out how the data is distributed within the input space. The data is projected
down from a high-dimensional realin to two or three dimensions for viewing.

Semi-supervised and Self-taught Learning
There are two techniques for supervised learning tasks that use unlabeled data and
are therefore midway between supervised and unsupervised learning. These tech-
niques are motivated by the prospect of having algorithms learn from unlabeled
data as well as the difficulty of obtaining (enough) labeled data for supervised
learning tasks.

The basic concept is to feed the algorithm a large quantity of unlabeled data
in order for it to learn a decent feature representation of the input and then feed
the algorithm labeled data in order for it to solve the supervised task using the
learned feature representation. The training data set in a semi-supervised learning
context may be separated into two parts: data samples X; = {x1,...,2;} with
associated labels Y; = {y1,...,u}, and data samples X, = {Zj41,- .., T4} with
unknown labels.

In contrast to the semi-supervised learning environment, the self-taught learn-
ing setting is more powerful since it does not presume that the unlabeled data Xu
follows the same distribution (or class labels) as the labeled data X1. We'll use
an example to highlight the differences between the two approaches: the goal is
to identify between photographs of cats and images of dogs.

Both systems rely on labeled pictures, with each example being either a dog or
a cat image. This configuration is dubbed semi-supervised if there are unlabeled
data examples that are all photographs of either a cat or a dog (but are not
labeled). In self-taught learning, on the other hand, there is an unlabeled data

set, which is made up of random pictures (perhaps acquired from the Internet)
and so comes from a different distribution than the labeled data sct.

Reinforcement Learning
The challenge of how to interact with the enviromment and pick appropriate ac-
tions in a particular scenario in order to maximize the reward is addressed by
reinforcement learning. Unlike supervised learning, there are no examples with
an optimal output; instead, the algorithm should learn which actions to take in a
particular circumstance by interacting with the environment (the process of trjal
and error).

Hyper-Parameters
Selecting hyper-parameters is thus formally equal to selecting a model, ie. se-
lecting the hest suited value/algorithm from a set of values/algorithms. Hyper-
parameters can be either continuous (for example, learning rate) or discrete (for
example, the number of neurons in one layer) and can be thought of as an external
control button. We'll use the example of training a polynomial function to match
a cortain function to demonstrate the distinction between hyperparameters and
parameters.

It is possible to look at the example of a polynomial function given by the

13




following cquation

y(z,w) = wy + w1z + wea® + ... + wyz™

where M is the polynomial order and w; are the polynomial coefficients w =
{wo, w1, ..., wy}. M must be chosen ‘by hand’ before the polynomial’s train-
ing can begin. The polynomial coefficients w;, on the other hand. are adjusted
throughout the training operation. As a consequence, M may be thought of as
a hyper-parameter, whereas the polynomial coefficients can be thought of as pa-
rameters. Hyper-parameters must be changed for all of the learning algorithms
covered in this paper. The number of hyper-parameters might be rather high (ten
or more) in some circumstances, such as neural networks, which further compli-
cates the situation.

Choice of the Model
In terms of complexity and the quantity of free parameters that may be modified,
different machine learning models differ. Aside from the model selection, the
values for the model’s parameters must be determined. More specifically, the kev
goal in this context is to set the free parameter values in such a way that the
greatest prediction perforiance on fresh data is obtained.

Due to the problem of overfitting, the training set is not a reliable indication
for evaluating the prediction performance of alternative values for the parame-
ters. Instead, if enough data is available, the dataset can be separated into three
sections. The initial part of the data and various hyper-parameter settings are
used to train the model, and this fraction is referred to as the training set.

The sccond half of the data isn’t utilized for training, thus it’s ideal for compar-
ing different hyperparameter values and choosing the one with the best-predicted
performance. A validation set is a collection of independent data. The third set of
data, referred to as the test set, is required to evaluate the selected model in terms
of generalization. Because the validation set was used to choose the final modecl,
it is no longer completely separate from the model (overfitting to the validation
data can occur).

Cross-validation is another approach that divides the dataset into two parts:
the training set and the test set. This method is particularly useful when the
amount of data available is restricted and as much of it as feasible should be used
for training. Cross-validation comes in a variety of forms, but the basic concept
is the same in all of them.
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Figure 2.2: Cross Validation Example

A frequent kind is a k-fold cross-validation, which divides the training set
into k groups at random. A collection of models has trained in k — 1 groups
and then assessed in the remaining group. This method is repeated for each
group, ensuring that each group has been evaluated at least once. The aggregate
performance scores of all runs are then used to pick a model. Finally, the test
set is utilized to assess the chosen model’s performance. Aside from k-fold cross-
validation, another alternative is the leave-one-out strategy, in which k equals the
total number of samples. Beside k-fold cross-validation, another specific variant
is the leave-one-out-technique, where k is chosen to be equal to the total nunber
of samples.

Cross-validation has the disadvantage of increasing the number of training
runs (for a single sctup) by a factor of k. Computational considerations may be
considered in the process of picking hyper-paraieters, in addition to the validation
error, which is a proxy for the generalization error. Computing resources are
limited and, for instance, have an impact on the choice of intervals of values to
consider. Coordinate descent, multi-resolution scarch, grid scarch, and random
scarch are some of the strategies for optimizing hyper-parameters. Only one
hyper-parameter is changed at a time in the coordinate descent technique, and
the change is always done from the best hyper-parameter configuration available
at the moment.

The grid search is nothing more than an exhaustive search of all potential
hyper-parameter combinations. The fundamental disadvantage of this method is
that the number of configurations rises exponentially with the number of hyper-
parameters (for example, 6 hyper-parameters, each of which may take 5 distinct
values, yields 5% = 15625 options). The grid search, on the other hand, is fully
parallelizable, which is a benefit of this approach (the ability to run different
combinations on different computers).

In contrast to grid search, the random search method involves changing all



parameters at the same time and sampling cach hyper-parameter individually
from a previous distribution (e.g. uniform distribution, inside the interval of
interest). When the number of hyper-parameters exceeds two or three, random
sampling can be more efficient than grid search. The qualitative examination of
the results, on the other hand, is more difficult. The concept behind a multi-
resolution search is to start with large-sized hyper-parameter steps. After a fow
‘best configurations’ have been identified, one may begin by exploring more locally
around them to fine-tune the setup (with smaller-sized steps)
Underfitting and Overfitting

Machine learning’s goal, as previously stated, is to maximize the predicting accu-
racy of fresh data rather than training data. The predicted accuracy of fresh data
must not be good if the model matches exactly with the training data. Consider
the case where we want to fit the function sin(2z) with a polynomial of order Af
for a better understanding. To calculate the complexity of this linear model, the
order M of the polynomial must be determined.
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Figure 2.3: Underfitting and Overfitting Examples

The higher-order polynomial (M = 4) has a perfect fit to the training data, but
oscillates wildly and poorly depicts the real’ function, as illustrated in the figure.
This is referred to as overfitting. Lower order polynomials, on the other hand,
arc too simple to match the underlying trends in the training data, and hence are
poor representations of the 'real’ function. This is referred to as underfitting.

Preprocessing’s Importance
In machine learning, preprocessing is a usual step. Depending on the nature of
input data, numerous alternative approaches, such as PCA and whitening, can
be applied. This section explains the fundamental concepts of preprocessing and
explains why preprocessing may help machine learning algorithms perform better.
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Data Normalization
Computing the mean value (of all dimensions) of an example and removing that
mean value from every dimension of that example is a simple preprocessing step in
machine learning. This is referred to as brightness normalization in photographs.
Another way to normalize data is to calculate the standard deviation of an examn-
ple and divide it by that value. This has the property of contrast normalization
in photos.

Dimensionality Reduction Using PCA
The principal component analysis approach can be used to reduce dimensional-
ity. This can help minimize the time it takes for machine learning algorithms to
execute, as the quantity of input characteristics might affect the time it takes.
PCA’s major goal is to create a more compact representation of the data based
on the premise that the input variables are linked and hence redundant.
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Figure 2.4: PCA Example

The goal is to use a lower-dimensional subspace to explain the original high-
dimensional data as accurately as feasible. This may be seen geometrically as a
lincar projection of the original data example onto a (lower-dimensional) coordi-
nate system, with the goal of retaining as much information as possible. Principal
components are the major axes of this new coordinate system. The covariance
matrix of the provided dataset is calculated in PCA to accomplish this. The
statistical relationship between the pairs of variables is determined by the com-
ponents of the covariance matrix. This covariance matrix’s eigenvectors create an
orthonormal basis.

The eigenvectors of this covariance matrix point in the direction of the data’s
maximum variation and are identical to the principal components. If e; and e,
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are the cigenvectors and z; is an input-example, then under the new basis vectors
their coordinates would be
.’f,‘ = (elT:v,-, eg':c.,-)

The data coefficients are uncorrelated with regard to this new basis. which is
the desired attribute.

The variance of the data projected onto the associated cigenvectors is rep-
resented by the eigenvalues. The eigenvalue specifies how much of the overall
variance is covered by the eigenvector that corresponds to it. The components
with the 11 greatest eigenvalues are kept, while the others are discarded, resulting
in a dimensionality reduction from n to & dimensions. As a result, the resultant
representation retains as much volatility as feasible. In actuality, the feature
dimension is usually significantly higher, making the selection of & more difficult.

2.3 Neural Networks

2.3.1 Introduction

A neural network (NN) comprises of hubs (known as neurons) and coordinated
edges between hubs, which are drawn below for the sake of example.
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Figure 2.5: Typical Neural Network

Neurons execute a linear or non-linear functional transformation of a weighted
suin of inputs values onto the real number space. The underlying result is at that
point utilized as an input for subsequent neurons. Neurons are organized in several
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layers, with the previous layers giving inputs to the subsequent layers. A typical
neural network gets the starting information by means of an incoming layer. The
data is flown through the neural network, with each layer acting on it until the
costs are repaid within the final layer. In most cases neural networks are utilized
to model regression-based and/or classification-based problems,

The inherent property of the particular problem decides the inputs, vields,
and engineering of the arrange. For an illustration, in an picture classification
assignment, the inputs are ordinarily the grayscale pixel quantities for each pixel,
that takes a quantity between 0 and 255, and the vield of the modeling is usually
a 1-of-K kind of classification. The architecture of the neural network and the
mapping property of each neuron (alluded to as the enactment work) are as a rule
characterized at the starting of the neural network development.

The neural network is at that point "instructed" how to process the incoming
data by altering the weights of the associations (inoreover called free parameters)
to progress an mistake esteem computed from a predefined error functional form.
Weight upgrades arc educated by the slope of the error functional forms and scored
employing a set of labeled "preparing cases". Within the following subsections,
the neuron and the actuation work are talked about, in expansion to the regular
actuation capacities for the covered up and yield neurons of the neural network.
Much of the work and ideas displayed here are from [6]. When portraying the

number of layers, the number of layers of the trainable weights is additionally
numbered.

2.3.2 Function Based Form

The artificial ncuron. An artificial neuron computes an yield quantity given a
collection of incoming data. More particularly, a neuron comprises of an ac-
tuation work that works on a direct combination of the neuron’s input values
r = (x1,xy,ldots, z,), and weights w = (w1, ws, ldots, w,,) related with the iy-
put values, and an discretionary predisposition term wg. For case, the yield of g
neuron within the covered up layer would be computed as

h = E W;X;

The weights are considered free parameters and are balanced in arrange to
accurately classify the incoming data within the learning procedure. The direct
combination of inputs to a neuron is commonly alluded to as a neuron’s action.
Enactment capacities are at that point connected to straight wholes. A number
of enactment capacities that are utilized as cases are further discussed afterwards.
The choice of enactment work utilized is affected by the sort of arrange and the
learning calculation utilized.

Linear neuron, or f(a) = a. The straight neuron is frequently utilized as
an yield unit in relapse issues, but not as a covered up wnit, but as a stack of
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dircct combinations docs not give the organize with extra scparation. This can
be since a straight combination of a direct work can itself be characterized as a
direct work. Here is the graphical representation of a direct neuron.

8 Linear Function

linear(x)
o

-8 -6 -4 -2 0 2 4 6 8

Figure 2.6: Linear Neuron

Sigmoidal neuron is given by the equation fla) = fracll +e . 1t has
generally been utilized to smooth the mapping to the [0,1] space, making it simpler
to translate the yield as likelihood, which is valuable in a classification sctting,
Here is the graphical representation of a sigmoidal neuron.

Sigmoid Function

1

a= 1+exp(-2)

Figure 2.7: Siginoidal neural

Hyperbolic Tangent and Soft Sign is given by the equation fla) =
fracl —e 21 4 ¢72¢. More as of late and as often as possible, the hyperbolic
digression [50] and softsign [49] capacities are utilized, coming about in a so also
molded work. The sigmoid unit has an asymptote at zero. When the input tends
to zero, the angle of the sigmoid unit too tends to zero. This immersion can
anticipate learning in going before layers [49|, given the hyperholic digression and
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delicate sign work arc favored to the calculated sigmoid work. Here is the graph-
ical representation of a hyperbolic digression and softsign actuation capacities.

Figure 2.8: Hyperbolic Tangent

AT C tanhx}
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Figure 2.9: Softsign Activation

Rectified Straight Unit (ReLU) neuron is given by the equation f (@) =a
in case a > 0, and f(a) = 0 something else. As of late, the amended direct
unit has cxperimentally accomplished triumphs [3]. Essentially, the subordinate
is speedier to calculate and was too appeared to extend learning speed [3]. Here
is the graphical representation of ReLU enactment work.

2.3.3 Parameter Learning

In arrange to adjust a neural network to an assignment, a strategy for modification
of the free parameters must be embraced. A slope plunge adjusted to the NN
setting is more often than not utilized. This requires a set of training data as well
as crror functional form. Given the labeled preparing information, the NN can be
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Figure 2.10: ReLU

prepared in a administered way by minimizing the mistake of the organize yields
compared to the actual output classes. On the other hand, neural networks can
be generally trained in unsupervised fashion with unlabeled information.

In spite of the fact that broad investigate has been conducted on unsupervised
preparing [16], it is exterior the scope of this inquire about. Preparing admin-
istrations utilize labeled and unlabeled information in a semi-supervised way, or
utilize labeled information from comparative datasets to pretrain the organize, ex-
pecting there are commonalities within the characterizing characteristics within
the information [13]. These administrations are moreover not the subject of the
think about. Different blunder capacitics are examined within the taking after
subsection. After that, slope plunge, i.e. gradient descent, together with back-
propagation is the go-to the strategy for getting data alinost weight upgrades in
covered up layers.

Error Capacities. As specified over, in arrange to overhaul the parameters
in an educated way, an error functional form has to be preset. In this subsection,
the error funcitonal form is displayed employing a probabilistic elucidation of the
output of the neural network within the context of maximizing the likelihood
function [6]. Ordinarily, this process if referred to as minimization of the error
functional form. The yield of the neural network gives hints on the error functional
form in the operation.

In paramcter optimization weights have to be modified so that the crror fune-
tional form reaches a low point, or its minima. This problem is made much more
difficult due to the non-convex error functional forms arising from the nonlineay
relationships between variable weights and the underlying error functional form.
In this case the functional form could have several local and global low points. The
reason behind this could be due to the issue of weight symmetries. In turn, this
leads to essentially different results. One should also note that we can’t say for
sure if the low point is a local or a global low point. Repeated weight renewals that
use gradient-hased data to slowly relocate the set of weights toward significantly
lower error functional form value are commonly used in these circumstances.

In a general context of using neural networks, straightforward slope plunge
(gradient descent) could be the leading strategy for error functional form mini-
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mization. Esscntially, gradient descent’s basic idea includes slowly moving in a
course inverse to the slope of the error functional form within the weight parame-
ters’ space utilizing tiny steps relative to the current error slope with regard to the
weight. Weights in covered up lavers are not specifically related to the mistake
work, and as a result an usage of the chain run the show called backpropagation is
utilized to assess their error functional form value. Within the figure underneath
a sample error functional from is displayed.

error

0 e, T
Local minima e 0
e A Global minima

wi

Figure 2.11: Sample Error Function

Gradient Descent. The gradient descent computation steadily upgrades the
weight parameters by taking little steps within the negative course of the gradeint
of the error functional form within the weight space. ie:

Ot + 1) = O(t) + AO(¢)
AB(t) = aVE(O(t))

where VE(O(t)) is the gradeint of the error functional form in terms of W, ais
called the learning rate and ¢ is the weight overhaul record. Learning stops at a
neighborhood least, i.c. VE(O(t)) = 0.

Since it isn’t conceivable to decide whether a found minima is worldwide or
neighborhood, different restarts with irregular beginning weights are commonly
used to discover the finest weight combination. The learning parameter o may
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be a predefined hyperparameter. Care ought to be taken when characterizing the
learning rate because it influences the speed at which the organize focalizes. On
the off chance that the learning parameter is characterized as exceptionally little,
the organize will merge exceptionally gradually and may make preparing to merg-
g illogical. Then again, in the event that the learning parameter is characterized
to be exceptionally huge, progressive weight overhauls from negligible shells can
sway in the event that they are around quadratic.

The learning rate may then again be versatile instead of steady. For example,
if a organize contains a unique trainable parameter, at that point gradient descent
is ideal when the error functional form surface may be a quadratic shell-like form.
For a given set of preparing information, distinetive approaches can be taken as to
the number of cases to assess some time recently overhauling the weights. Either
full clump learning can be connected, where the normal mistake for the complete
information set can be utilized to educate the another weight upgrade, or online
learning can be connected, where cach weight overhaul is educated by the assessed
mistake subordinate inferred from a person irregular is calculated preparing case.

Online learning includes stochastics as the gradient is educated by an mistake
surface evaluated from a unique arbitrary case. Stochastic gradient descent (SGD)
permits the demonstrate to dodge nearby minima, whereas full clump learning
merges to the nearby least closest to the introductory weights. In any case, due
to the loud upgrades, SGD will not completely focalize whereas full group learning
ought to. In this setting, learning rate treating plans are prescribed to decrease the
variances of the stochastic slope plunge. In hone, it is common to apply mini-batch
learning, where weights are overhauled concurring to the normal mistake angle of
a irregular subset of the preparing cases. This decreases the commotion of online
learning upgrades whereas still permitting the arrange to bypass neighborhood
minima.

Moreover, within the setting of profoundly excess information, SGD quickens
learning since a subset of cases can be agent of the fundamental components
within the information and is quicker to compute between weight overhauls. As
an extraordinary case of this, consider a preparing information sct that containg
numerous copies. In case gradient slope is found the middle \'alue of some time
recently weight upgrades, the copies include no extra data around a agent subset
of cases [4]. The number of cases contained in a mini-stack could be a predefined
hvperparameter. Orvdinarily, it is equipment obliged instead of optimized based
on the particular information through the utilize of a approval information set.
Within the taking after chart there’s a chart on how gradient descent works.

Backpropagation. A gradient descent is specifically appropriate to weights
within the final layer of a organize, be that as it may approaching weights to
covered up neurons are not specifically related to the error functional form term.,
For such instances, it is possible to use the chain rule. It is utilized to calculate
the halfway value for corresponding gradients of the crror functional form with
respect to the weight. Within the setting of neural networks, this application of
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Figurc 2.12: Sample Gradient Descent

the chain run the show is called back proliferation and can be depicted within the
following steps.

1. Initially, onc docs a straight pass. At this point, onc computes crror func-
tional form values and yields at each layer.

2. As a sccond step, a step-wise gradient computation is performed.

3. At last, the error derivation on computation for the case of hidden units is
determined given the error functional form derivation on activities in the
subsequent layer.

The following diagramn shows the working principles of backpropagation.
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Figure 2.13: Backpropagation



2.4 Computer Vision

Computer vision is a branch of machine learning (ML) that allows computers
and systems to extract useful information from digital photos, videos, and other
visual inputs, as well as to conduct actions or make suggestions based on that data.
If machine learning allows computers to think, computer vision allows them to
perceive, observe, and interpret the world around them. Human vision is similar
to computer vision, with the exception that people have a head start. Human
vision benefits from lifetimes of context to learn how to distinguish objects apart,
how far away they are if they are moving, and whether something is incorrect
with a picture. Computer vision teaches computers to execute these tasks, but
using cameras, data, and algorithms rather than retinas, optic nerves, and the
visual brain, it must do it in a fraction of the time. Because a system trained
to check items or monitor a production asset may evaluate hundreds of products
or processes per minute, detecting faults or issues that are invisible to humans,
it can swiftly outperform humans. A lot of data is required for computer vision.
It repeats data analysis until it detects distinctions and, eventually, identifies
pictures. To teach a computer to recognize automotive tires, for example, it must
be fed a large number of tire photos and tire-related materials in order for it to
understand the distinctions and recognize a tire, particularly one with no faults.
Machine learning is a technique that allows a computer to train itself about the
context of visual input using algorithmic models. If enough data is suppliced
into the model, the computer will "look" at the data and learn to distinguish
between images. Instead of someone training the computer to recognize an image,
algorithms allow it to learn on its own.
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Figure 2.14: Breaking Picture into Pixels

By breaking pictures down into pixels that are given tags or labels, a CNN
aids a machine learning or deep learning model in "seeing." It creates predictions
about what it’s "seeing" by using the labels to do convolutions (a mathematical
operation on two functions to produce a third function). In a series of iterations,
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the neural network exccutes convolutions and assesses the accuracy of its predic-
tions until the predictions start to come true. It then recognizes or sees pictures in
a human-like manner. A CNN, like a person recognizing a picture from a distance.
detects hard edges and simple forms initially, then fills in the details as it runs
iterations of its predictions. To comprehend single pictures, a CNN is cmployed.
In video applications, a recurrent neural network (RNN) is used in a similar way
to assist computers to grasp how visuals in a sequence of frames are connected to
each other.

The development of computer vision
For almost 60 years, scientists and engineers have been attempting to find ways
for robots to comprehend and analyze visual input. In 1959, neurophysiologists
presented a cat a series of pictures in order to sce whether it could corrclate
a reaction in its brain. They noticed that it responded to hard edges or lines
initially, implying that picture processing begins with basic forms such as straight
edges.

The first computer image scanning technology was created about the same
time, allowing computers to digitize and capture images. In 1963, computers were
able to convert two-dimensional pictures into three-dimensional shapes. marking
yet another milestone. Al became an academic topic of research in the 1960s, and
it was also the start of Al's attempt to address the human vision issue. Optical
character recognition (OCR) technology was introduced in 1974, and it could
recognize text printed in any font or typeface. Similarly, neural networks might be
used to decode handwritten writing using intelligent character recognition (ICR).
OCR and ICR have since made their way into document and invoice processing,
car plate recognition, mobile payments, machine translation, and a variety of
other applications.

David Marr, a ncurologist, discovered that vision is hicrarchical in 1982 and
developed methods enabling robots to recognize edges, corners, curves, and other
fundamental structures. Kunihiko Fukushima, a computer scientist, devised g
network of cells that could identify patterns at the same time. Convolutional layers
in a neural network were used in the Neocognitron network. The study’s focus
shifted to object identification by 2000, and the first real-time facial recognition
applications debuted in 2001. Throughout the 2000s, standardization of how
visual data sets are labeled and annotated arose. The ImageNet data collection
was released in 2010. It comprised millions of annotated photos from a thousand
different object classes and served as the basis for today’s CNNs and deep learning
models. In 2012, a team from the University of Toronto competed in an image
recognition competition with a CNN. The model, dubbed AlexNet, drastically
lowered picture identification error rates. Error rates have dropped to only a few
percent since this breakthrough.

Image Processing
Computer vision preprocesses pictures and transforms them into more relevant
data for future analysis using image processing principles or techniques. In most
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computer vision systems, image processing is the initial step. The majority of
computer vision applications rely on image processing methods.

Using a Gaussian Filter to Blur
The most popular method for blurring or smoothing an image is this. As pixels
travel away from the center, this filter enhances the resultant pixel and gradually
reduces the impacts. This filter may also be used to reduce picture noise. For
example, on a shot with a hard-edged item, the box filter does not provide a
smooth blur, however, the Gaussian filter can address this problem by smoothing
the edges surrounding the object.

Non-linear filtering
Linear filtering is simple to use and put into practice. In certain circumstances,
this procedure is sufficient to provide the desired result. Non-linecar filtering, on
the other hand, can be used to improve performance. When confronted with
a more complicated computer vision problem, we may gain greater control and
produce better outcomes by using non-linear filtering.

Median Filtering
A non-linear filtering technique such as the median filter is an example. This
method is widely used to reduce the amount of noise in an image. It works by

pixel-by-pixel examining the image and replacing each pixel’s value with the value
of the nearby pixel median.

Detecting and matching features

When it comes to computer vision ideas, feature detection and matching are two
of the most important strategies in many applications. Recognition, 3D recon-
struction, structure-from-motion, image retrieval, object identification, and many
more tasks are included in this approach. Detection, description, and matching
are the three activities that are commonly grouped into this approach. In the de-
tection task, points in cach image that arc simple to notice or match arc detected.
The aspect that surrounds each feature point is described in the description task
in such a manner that it remains intact during actions such as lighting, trans-
lation, scaling, and in-plane rotation. Descriptors are compared across photos
in matching for comparable characteristics to be categorized. The following are
some ways for identifying and matching features:

o Lucas-Kanade
e Harris

e Shi-Tomasi

SUSAN (smallest univalue segment assimilating nucleus)

MSER (maximally stable extremal regions)

o SIFT (scale invariant feature transform)
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e HOG (histogram of oriented gradients)
e FAST (features from accelerated segment test)
e SURF (speeded-up robust features)

Let’s look at some of the most common feature detection and matching meth-
ods.

Scale Invariant Feature Transform (SIFT)
Feature Transform with Scale Invariance (SIFT) Even if an object is resized, SIFT
overcomes the difficulty of recognizing its corners. Implementation steps for this
method are as follows: Scale-space extrema detection — This stage will find the
locations and scales of the same object in a picture that can still be identified from
multiple perspectives or viewpoints. Localization of important points - Once key
points have been discovered, they will be improved to provide precise findings.
This would result in the deletion of low-contrast spots or points with poorly
localized edges. In this stage, a consistent orientation is assigned to each key point
in order to achieve invariance when the picture is rotated. Keypoint matching -
The key points between pictures are now connected to recognizing their closest
neighbors in this stage. The output, as seen in the figure below, displays where
the inputted image’s important spots are placed.

SURF
SURF (Sped-Up Robust Features) was presented as a faster variant of SIFT.
SIFT is a slow technique that can recognize and characterize important points of
an object in an image. The white blobs of the Full-Scale logo are detected using
SURF, which functions like a blob detector. This approach can aid in the detection
of picture imperfections. FAST oriented and rotated BRIEF (ORB) This method
is a viable alternative to SIFT and SURF, owing to its supcrior calculation and
matching capabilities. It’s a hybrid of a quick keypoint detector and a short
description with several tweaks to boost speed. It’s also a wonderful cost-effective
option because the SIFT and SURF algorithms are patented, which means you'll
have to pay them to utilize them. Segmentation In computer vision, segmentation
is the process of extracting pixels in an image that is related. Segmentation
algorithms usually take an image and produce a group of contours (the boundary
of an object that has well-defined edges in an image) or a mask where a set of
related pixels are assigned to a unique color value to identify it.

Image segmentation algorithms that are widely used:

e Active contours

o Level sets

o Graph-based merging
e Mean Shift
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e Texture and intervening contour-based normalized cuts

Semantic Segmentation
Semantic segmentation is the process of assigning a class or label to cach pixcl
n a picture. We can know what a pixel’s class is by merely glancing at its color
in semantic segmentation, but one drawback is that we can’t tell if two colored
masks belong to the same item.

Segmentation of Instances
The only thing that counts in semantic segmentation is the pixel’s class. This
would cause a difficulty in that we wouldn’t be able to tell if that class belonged
to the same object or not. Semantic segmentation can’t tell if two things in a
picture are one and the same. In order to address this 1ssue, instance segmentation
was developed. This segmentation may distinguish between two items belonging
to the same class. If a picture contains two sheep, for example, the sheep will be
recognized and masked with different colors to distinguish which class they belong
to.

Panoptic Segmentation
Semantic and instance segmentation are combined in panoptic segmentation. Ey-
ery pixel is categorised by a specific class in panoptic segmentation, and pixels
with multiple occurrences of a class are also identified. If a picture has two ve-
hicles, for example, the cars will be disguised with different colors. These colors
all indicate the same class — automobile — yet they represent various examples
of that class.

Recognition
One of the most difficult topics in computer vision is recognition. Why is it so
difficult to get recognized? Recognizing an object’s traits or propertics would be
simple for human sight. Multiple items can be recognized by humans with little
effort. This does not apply to a machine, though. Because items vary, it would
be difficult for a machine to distinguish or detect them. They differ in terms
of perspectives, sizes, and scales. Though most computer vision systems sti]]
confront similar issues, they are making progress or developing new techniques to
tackle these difficult jobs.

Object Recognition
Object identification is a technique for identifying a specific object in a photograph
or video. This is the result of deep learning and machine learning algorithms. Q-
ject identification attempts to replicate this intrinsic human capacity to recognize
certain characteristics or visual details in a picture. Deep learning may be used to
recognize objects either by training models or by using pre-trained deep learning
models. The first step in building a model from scratch is to gather a large num-
ber of datasets. Then you must create a specific architecture that will be utilized
to build the model. Deep learning for object identification can yicld thorough
and precise results, but it’s a time-consuining process that necessitates the collec-
tion of a vast amount of data. Object identification using machine learning, like
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deep learning, has a range of methodologics. The following are some examples of
common machine learning techniques:

e HOG featurc extraction
e Bag of words model
e Viola-Jones algorithm

Object Detection
The capacity of machines to determine the position of an item in an image or video
is referred to as object detection in computer vision. Object detection methods
are used by several firms in their systems. It's used for facial recognition, online
photos, and security.

S — — > o

Figure 2.15: Object Detection Example

What's the difference between recognition and detection of objects? Object
recognition is the process of producing an image, whereas object detection is the
process of determining where an object in an image is located. Object detection
classifies an object’s class based on its characteristics. When searching for circles
in a picture, for example, the system will find any round item. This method
employs learning techniques and picture attributes to recognize any occurrences
of an object in a class.

2.5 Covolutional Neural Networks

A Convolutional Neural Architecture (ConvNet/CNN) may be a profound learn-
ing computation system that can take an input picture, dole out significance
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(lcarnable weights and inclinations) to different aspects objects within the pic-
ture, and recognize one from another. The amount of initial processing required
in CNN is much limited when we try to compare it to other deep learning based
computation systems. Whereas primitive strategies include developing filters by
hand, with adequate preparing, CNNs have the capacity to generate efficient filters
by their own.

The design of a CNN is closely resembling to the network design of neurons
within the human brain and was motivated by the organization of the human
visual cortex. Each neuron as it were react to jolts in a constrained zone of the
visual field known as the open field. A collection of such fields combine in order
to account for the complete visual area.

In cases of greatly basic double pictures, the strategy might appear an normal
exactness score whereas performing course forecast, but it would have small to
no precision when managing with complex pictures that have pixel conditions
throughout.

A CNN is able to cffectively absorb the spatial and timely conditions in an
picture by applying pertinent channels. The engineering adjusts superior to the
picture information set since the number of parameters included is diminished and
the trainable weights could be used over and over again. Putting in other words,
the arrange can be prepared to superior get it the advancement of the image.

Input Picture. One can envision how computationally seriously things would
get once the pictures come to measurements, e.g. 8K (7680x4320). The part of
the CNN is to put the pictures into a shape that’s less demanding to handle
without losing highlights that are vital for a good forecast. Typically critical on
the off chance that we are to plan an engineering that’s not as it were great at
learning highlights, but too spreads to colossal datasets.

Convolutional Layer - The Kernel. The overall objective of the convoly-
tion operation is to extricate the higher-level highlights, such as lines and circles,
from the input picture. ConvNets do not got to be constrained to fair one convoly-
tional layer. Customarily, the primary CNN is capable for capturing the low-leve]
highlights such as lincs, circles, shapes, color, angle arrangement, and so on. As
more layers are included, the design too adjusts to the high-level highlights, giving
us a organize that has the helpful understanding of pictures within the underlying
data similar to what humans are capable of.

There are two sorts of comes about for the operation - one in which the size
complexity of the convolved highlight is diminished compared to the input, and
the other in which the size complexity is expanded or keeps intact. One could
observe it is often done by applying substantial cushioning within the case of the
previous, or same cushioning within the case of the latter.

Same cushioning: A 6x6x1 picture is cushioned with zeros to form a 7x7x1
image If we extend the 6 x 6 x 1 picture into a 7 x 7 x 1 picture and after that apply
the 2 x 2 x 1 bit to it, we discover that the convolved network has measurements 6
x 6 x 1. Consequently the title - same Cushioning. Here is the graph of applying
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convolution parts within the input picture.

Center element of the kernel is placed over the
source pixel. The source pixel is then replaced 0x0
with a weighted sum ol itself and nearby pixels. ( )

Source pixel

Convolution

New pixe! value (destination pixel)

Figurc 2.16: Convolution in Action

Pooling. Comparable to the convolutional layer, the pooling layer is mind-
ful for diminishing the spatial estimate of the convolved include. This serves
to diminish the computing control required to handle the information through
measureinent lessening. In expansion, it is valuable to extricate prevailing high-
lights that are rotationally and positionally invariant, subsequently keeping up
the method of viably preparing the model.

One could observe two sorts of pooling: Max Pooling and Mean Pooling.
When it comes to Max Pooling, it yields the greatest esteem from the portion of
the picture secured hy the part. On the other hand, Mean Pooling returns the
mean of all values from the portion of the picture secured by the part.

Max pooling moreover works as a commotion canceling system. It disposes of
the loud actuations inside and out additionally performs denoising beside mea-
surement lessening. On the other hand, Mean Pooling essentially performs di-
mensionality decrease as a commotion lessening component. Subscquently, one
could conclude that that Max Pooling tends to work somewhat better than Mean
Pooling.

Types of pooling. The concatenation of convolutiqnal a}lld pgo]ing layer
shape the k-th layer of a CNN. Depending on the complexity of the pictures, the
number of such layers can be expanded to capture indeed more low-level points
of interest, but at the cost of more computational control. Here is the chart of a

pooling layer.
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Figure 2.17: Pooling in Action

Classification — Completely Associated Layer (FC Layer). Including a
completely associated layer may be a (as a rule) cheap way to meinorize nonlinear
combinations of the high-level highlights as produced by the convolutional layer
vield. The completely associated layer learns a conceivably non-linear work in
this domain.

After changing over our input picture into a appropriate shape for our multi-
stage perceptron, we'll smooth the picture into a column vector. The smoothed
yicld is encouraged into a feed-forward ncural arrange, and backpropagation is
comected to each emphasis of the preparing. For an extend of epochs, the
demonstrate is able to recognize between overwhelming and certain subordinate
highlights in pictures and perform classification of them utilizing the softmax clas-
sification procedurc. Here is the chart of completely associated layer and softmax
layer.
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Figurc 2.18: Fully Connccted Layer
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Figure 2.19: Softmax Layer

There are different structures of ConvNets that played a key part in building
computations that control and will control Al as a entire for the predictable future.
A few of them are recorded underneath:

e LeNet



AlexNet

VGGNet

GoogLeNet
ResNet

ZFNet

2.6 3D Convolutional Neural Networks

3-dimensional CNN (3D CNNs) to begin with were proposed by [35] in order to
amplify the two-dimensional (2D) picture classification CNNs to video classifica-
tion basically by including an extra transient measurement. Video information is
anticipated to make strides the classification of activities as a few recognizing high-
lights develop from the movement. Whereas great precision can be accomplished
with still outlines, expanding the number of outlines in a clip when classifying an
activity has been found to progress the precision of the underlying classifier, but
with quickly declining returns [32, 42].

The proximity between video-based and image-based data sources provides
the motivation behind the limitations imposed on the architecture for regular 2D
CNNs that apply to 3D CNNs. In particular, features in both spatial and temporal
dimensions are seen to be localized to nearby located regions, and variances in
video data are seen to include the ones present in image-based data. To add a note,
the addition of the time-based complexity size might significantly increase the
complexity of the input. If so, the usage of classical (2D) convolutions to network
architecture could be continued. As with classical CNNs (2D CNN), the step of
downsampling is rather encourages to diminish the complexity of the incoming
data enough so that the underlying neural network keeps being learnable.

When it comes to video-based classification, it is ordinarily performed with
specialized include extractors that are strong to varieties within the information
and a regular classification strategy [12]. There’s a wide run of diverse include
extractors and classification methods, and distinctive strategics may be applica-
ble depending on the video information. Within the same way as with picture
acknowledgment, CNNs have an advantage over them since they perform include
extraction and classification at the same time and don’t require critical alteration
to be connected to unused information. Be that as it may, there has been con-
strained advancement of 3D CNNs [34, 42, 47] and they are regularly extricated
by the previously mentioned specialized include extractor in combination with
o standard classification method outperformed. Within the following graph we

display a sample 3D CNN kernel.
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Voxelzed Space Kernel 2

D Convolutionas Layer

(b)
Figure 2.2p. 3D CNN

textbfConvolution and Subsampling. The responsive field domain of each coy-
volutional neuron is characterized oyey two spatial measurements an one trap,.
sient measurement. On the other hand, the barameterization is the same ag for
2D CNN’s Convolutional Newron. Downsa,mphng between convolutiona] layers g
as a rule as it were actualized ovey the spatia] measurements, since the time-baged
measurement is regularly little sufficjent that convolutiop over it diminisheg its
estimate adequately [42).

Example of a 3D CNN Engineering The work of [42] created g 3D-CNN
for classifying human activities in recordings. The arrange was connected to the

postured recordings of people performing activities against a homogeneoys four-
dation. The 3D CNN inspired mode] outmatches the current videg Classiﬁcation
strategies as well as a 2D CNN whey connected to the TRECVID informatjon
and conveys a decent error rate op the given KTH based dataget.

The distinctive channels appear in totally distinet colors, with outlineg ap-
peared as squares. One should remember that the quantity of squares fajjs to
reflect the genuine quantity within the channel. Each romponent demonstratag
a convolution, pooling, and yield layer. The width, tallness, and thne measype.
ments of a layer’s include outline yield are included underneat, the layer, By
[42] tended to the TRECVID dataset, be that ag it may, given t}e pertinence of
the work done on the KTH datasct, the cngineering of the 3D-CNN connected
to the KTH dataset is mentioned heye. The design utilized for each dataset was
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comparative, with alterations made to the part measure to account for the diverse
dimensionality the information.

The design in [42] comprised of one fixed component and six variable conpo-
nents. The fixed layer part isthen split into five distinctive channels concurring
to the distinctive characteristics from the carlier information that [42] found that
it progresses execution. The given five components included a flat and vertical
slope, a level and vertical optical stream, and the first video as is. The dynamic
component is comprised of two convolutional and pooling components, taken after
by a convolutional component working precisely like a completely associated layer
due to the measure of the getting field and the underlying incoming data, and an
yield component that employs a softmax yield component.

Within the to begin with convolution layer, bits measured 9 x 7 x 3 in terms
of width, stature, and time were convolved onto the 80 x 60 x 9 input. Two
highlight maps were prepared for each channel, yielding a add up to of 1,900
dynamic parameters. The consequent pooling component connected a common
dynamic parameter and inclination to the basic normal of non-overlapping 3 x 3
neighborhood spatial locales. This provided an opportunity for dynamic parame-
ters to differ distinctive outlines, coming about in 132 trainable parameters. The
kernel size of the given convolution layer was 8 x 8 x 3, and three include maps
were prepared per include from the wage layer, coming about in 5,340 dynamic
parameters.

When it comes to the second pooling component, it utilized the same structure
as the primary component of pooling but as a result of the expanded property
maps had 226 dynamic parameters. Finally, the third convolutional component
works in a similar fashion to a completely associated layer with 148 neurons.
This is clear since its part, connected as it were to the spatial measurements,
was 5 x 4, which is the same cstimate as the input maps, also cach ncuron is
connected to each highlight map and worldly outline. At the end, this comes
about in 491,400 dynamic parameters. The final layer could be a softmax layer
that’s completely associated to the past layer and has 738 variable parameters. For
cvery computational unit, the hyperbolic tangent unit is utilized as the cnactment
work and the learning rate is balanced utilizing the SDLM.

3D CNNs, in essence, are a normal expansion of 2D CNNs, and whereas 2D
C'NNs are well recognized in picture classification, 3D CNNs have not been broadly
utilized for video classification. This is often likely due in portion to the littler
video dataset sizes [42] and the higher dimensionality of recordings, making CNNg
Jess viable compared to more productive, but expert-coded, express highlight ex-
traction and classification models. When used with respect to the KTH dataset,
the [42] accomplished an average error rate of 9.8% With a 5—fold sum of informa-
tion. The result, whereas not prevalent to current video classification procedures,
yet it is decent. .

When it comes to the TRECVID, [42] conneeted two expansions to the fun-
damental demonstrate portrayed over. To begin with, to control the arrange, |42]
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prepared the arrange on assistant yiclds computed from a arrangement of outlines
that were bigger but contained the input frames. Auxiliary yields were calculated
employing a set of word highlights from a Filter highlight extricated from the
crude and moving edge history pictures.

To decrecase the amount of the input, the KTH data was pre-processed to gen-
erate a compact bounding box having the underlying subject. In addition, after
cach of the first two layers of convolution, the architecture featured a correction
laver that returned the absolute value of the input. [47], on the other hand, shows
how to execute unsupervised pretraining on a 3D convolutional network structure
using the Independent Subspace Algorithm (ISA). The authors attained a 6.1%
error rate using the KTH dataset. Because it did not require localization as a
pre-processing component like [34], which is an issuc in and of itsclf. As for the
[41] utilized to make initial design judgments. Furthermore, the architecture had
outperformed its immediate competition.

The findings were shown to be improved by the regularization component,
though not dramatically. Scveral models, cach with its own architecture, were
united into one ensemble in the second expansion. The outcomes were greatly
enhanced as a result of this extension. Furthermore, the 3D CNN outperformed a
9D CNN, implying that key distinguishing traits were discovered across the time

dimension.
There are various more 3D CNNs and models that are similar to 3D CNNs

that have been applied to the KTH dataset. [34] study employed the yield of a
short-sequence 3D CNN as input to a recurrent neural network (RNN), which are
neural networks that have been tuned to work with sequential data. [34] obtained
an average error rate of 8.97% over 4 epochs the data without RNN. The RNN
architecture consisted of two components of convolution and pooling, a convolu-
tion component, a fully conneccted component, and finally an yield component,
The error rate was lowered to 5.6% by applying an RNN to the set of yields of
the 3D CNNs for the set of sequences that make up a movie.

2.7 Video Processing

It is preferable to use 3D convolution in the convolutional layers of CNNs to
efficiently combine motion data in video analysis so that differentiating charac-
teristics are collected along both spatial and transient measures. A variety of 3D
CNN architectures may be developed to evaluate video data using the suggested

3D convolution.
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Video 2

Figure 2.21: Video and Frames

The modeling of temporal information is required for the shift from image
to video comprehension. This complexity size, which cannot be viewed as a
spatial dimension, is critical for extracting information like motion that can't
be predicted from static pictures. Predicting the activity in a video is a typical
and intriguing challenge when working with video footage. Because actions are
(primarily) conducted by humans, modeling human behavior as a first step before
extracting semantic content is of considerable importance.

Early action detection rescarch [11, 2| uses human body parts or various hu-
man features to forecast what will happen in the video. Such detectors, on the
other hand, are not always feasible and/or can be hard to compute. To solve
this problem, unconstrained approaches have been developed [23, 22]. The emer-
gence of end-to-end approaches [30] employing deep learning methods has altered
the area of action detection for both unconstrained and human-centric methods
similar to image understanding frameworks. ’

Mecthods based on human models that have been articulated - When model-
ing movements in films from the perspective of the human body, knowing what
information is required for motion detection is critical. [19] shows how visual
interpretation of several moving light indicators linked to the human body can
be adequate to identify a person’s behavior. This groundbreaking study inspired
techniques [40, 48, 5| to detect human activity utilizing trajectories of joint loca-
tions, landmarks, or body components based on 3D or 2D human-body models.
Although body component localization produces outstanding results, it remaing
a tough challenge, particularly for unrestricted movies, limiting its usefulness.

Methods for Human Global Dynamics — scientists have proposed a less re-
strictive way to solving this noisy body part localization problem, which entails
understanding global human-body dynamics given a human body-focused region
of interest.

Modeling of human dynamics may be separated into two types. The first
makes use of silhouette information and shape masks. Some advocate employing
the foroground-to-background ratio in a grid over the silhouctte in the first tech-
nique, which is based on silhouette photographs. Some people devise a technique
based on form masks. They suggest utilizing momentum energy pictures and mo-
tion history images to recognize human activities, making them the first to offer a
time-hased sample for human action detection. One might alternatively propose
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that silhouctte information calculated using background removal be used to gen-
crate space-time forms. Local focus and form structure are among the qualities
they extract.

The other makes use of optical low and shape data. The usage of spatio-
temporal lattices of optical flow magnitudes is a possibility. A two-step technique
might be proposed by initial geo tracking football players in movies and then
computing a descriptor on the somewhat stable tracks using fuzzy version of the
mentioned optical flow. A similar method might be used to create mid-level
descriptors given a somewhat lower-level optical flow data. [23, 24] proposes em-
ploying HOG, motion functions, and a pre-filter operation with a human features
to identify drinking activities in movies.

Onc could look at man-made unrestricted local features that rely on pcople
detection and,or trackable system propagates the first-stage inaccuracy. Several
studies suggest handmade unrestricted approaches to handle this problem, com-
parable to the way employed in object detection. They adjust the local features
to the underlying data format since the input signal might be both space and
time dependent.

The modeling of low-level representations is one of the initial areas of research.
By extending the idea of space-based outlook to the both space and time based
region. [25] initiates the rescarch in both space and time based interest points
(STIP). They find local spatio-temporal structures with considerable structure
using Harris and Forstner’s point-of-interest operator. Difference between [26]
(spatiotemporal points of interest) and [29] (purely spatial sites of interest). By
matching local HOG features taken from two pictures, [30] comes up with Motion
Boundary Histogramns (MBH).
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Chapter 3

Literature Review

3.1 Crime Detection

Earlier studies focused on crime detection from video footage were based on inter
relation of convolutional neural networks (CNN) and recurrent neural networi(;
(RNN, LSTM). One of the duties of the CNN was to retrieve vector representa-
tions of every frame, then feed these vector representations into the LSTM net.-
work, which classified them. Manifestations of this method are [45, 44]. Followin‘
is the block diagram of this approach: ¢

£

drame N

= AT

£

Figure 3.1: CNN LSTM

Convolution (red), normalization (grey), and pooling (blue) layers alternate
throughout the model. It’s important to note that the crime detection problem
is linked to the action detection problem because crimes frequently entail violent
scenes such as shoving, striking, kicking and so on. 3D convolutional neura]
networks are used as building blocks in modern and cutting-edge solutions to
action recognition challenges. 7], for example, employs 3x3x3 convolution blocks
as the proposed solution’s building component. The following is a rudimentary

diagraim of stated.
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Figure 3.2: 3D Convolutional Blocks

There is a considerable corpus of research on using 2D and 3D CNNs to detect
crime scenes from video footage in general. We chose four highly cited academic
publications that employ 3D CNN to uncover crime in a variety of methods for
our study. Simple 3D convolution layers were utilized by the researchers in [10] to
anticipate crime situations. [7] combines 3D convolutional layers with a sequential
LSTM architecture. Researchers employed the DarkNet neural network as part
of a pre-training process in [8]. The authors of [39] employed a frame-by-frame
crime detection approach to collect a new crime detection data set.

The 3D CNN architecture provided by [21] is used in reference [33] , as it ap-
peared to be a good method in the context of behavioral detection in surveillance
videos. Four 3D convolution layers, two max-pooling layers, and two completely
connected layers make up the design. The Adam optimizer was utilized as the
optimizer, and cross entropy was used for loss computations. The model generates
a binary output format, with 1 indicating suspicious behavior and 0 indicating
normal behavior. For model training, the Google Colaboratory |20| machine was
used. N |

In [21] proposes a model that detecfcs suspicious behavior rather than crimina]
activity. Pre-Crime Behavior Analysis, or PCB for §1101't, is a new method of
analyzing and extracting suspiciqus samples from video streams that it offers
for this purpose. This technique 1s use:d to extract suspicious or criminal video
segments and feed them to a deep l_earnmg model for trai.ning purposes, so that it
may self-identify similar moments in the future. Each video fragment, according
to the notion, has its own meaning. As a result, four categories of notions have

been presented:
o Strict Crime Moment (SCM)
e Comprehensive Crime Moment (CCM)
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e Criminal Casc (CL)
e Precrime Behavior (PCB)

Reference [21] employs a novel method for assessing the suggested model’s
performance. The technique entails setting up two experiments with the goal of
establishing the best model parameters and determining the best model perfor-
mance by putting them to the test on the datasets provided. The first experiment,
dubbed "Configuration Exploration," had the primary purpose of identifying im-
proved data formats and model parameters. The datasets were split into two
categories: symmetrical and asymmetrical. A balanced dataset is one in which
each class has the same number of data samples. Because the data from an unbal-
anced datasct is returned in a 1:2 ratio, there are two normal tests for cvery onc
suspicious behavior test. To choose the optimal alternative, the following dataset
parameters were used

e In each record class, the percentage of samples. There are 60, 120, and 240
samples in the balanced dataset. There are 90 suspicious behavior tests and
180 normal behavior assessments in Imbalance.

e The following proportions make up the percentage of test records: Approx-
imately 20%, 30%, and 40% of the overall value

e The number of frames utilized for 3D convolution is specified by the Depth
option. The numbers arc 10, 30, and 90 respectively.

o The image sizes were set to 160120, 8060, 4030, or 3224 pixels.

A balanced dataset of 240 samples and an imbalanced dataset of 180 samples were
constructed after different parameters in the datasets were selected. Each dataset
has three depth and four resolution parameters, resulting in a total of 24 datasets.
The final results suggest that high-resolution photos on unbalanced datasets of
10 to 30 depth produce the best outcomes. With an accuracy of 80.2%, these
tosts are the most accurate. "Statistical Validation" was the title of the second
experiment. The plan was to use cross-validation to run the model 30 timeg
over the largest data sets already prepared, starting with the parameters that
Jemonstrated the best accuracy in the first trial. Again, there are two types of
data sets: balanced and imbalanced. The 80x60 resolution produced the greatest
results in the suspicious behavior detection task. With a depth of ten frames, it
achieved accuracy rates of over 85% for both dataset types. The best accuracy
was attained on the thirty-first run, with a 92.50% accuracy.

In addition, reference [10] introduces 3D-CNN using a technique termed unidi-
rectional LSTM and its bidirectional modification. The 3D CNN extracts features
from the frames and returns an action classification as an output, which is pro-
vided as an input to the LSTM to determine if the action on the frame is normal or
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abnormal, and therefore exits the prediction task. When utilizing unidirectional
LSTM, the following approach is employed for 3D-CNN, according to [10].

1. Get a sample video record (input from user)
2. Load the 3D CNN modecl

3. Spatial-temporal feature extraction

4. make prediction (LSTM model)

9. accuracy

In most circumstances, the bidirectional technique outperforms the unidirec-
tional approach. Bidirectional LSTM accepts input in two directions, from past to
future and from future to past, whercas unidirectional LSTM stores information
from past inputs concurrently. This is the most important distinction between
these two architectures. The technique for using bidirectional LSTM for 3D-CNN
is similar to the previous one, with the exception that we develop a prediction
section where we utilize a bidirectional model.

We often utilize LSTM in Recurrent Neural Nets for sequence problem tasks,
but because video is a series of frames, or in other words, a series of images,
each frame has its own set of attributes that must be extracted as priority or
importance. FPS [45] is a word that describes the number of frames per second
captured. Analyzing frame sequences to forecast the suspect’s action is one of
the most important challenges in surveillance video analysis. The output of the
3D- CNN is uscd as an input to the LSTM in the proposed model. Unidirectional
LSTM was employed at first, however an extension termed Bidirectional LSTM
was applied for better performance outcomes.

Unidirectional and bidirectional LSTM are employed in [10] because they can
forecast the frame based on previous information. The quality of the frame pre-
diction was assessed using the mean square error (MSE). The epochs were used
to calculate the MSE of the train and test datasets. When comparing the end
findings, we can see that 3D CNN with unidirectional LSTM has 64% and 70%
training and testing accuracy, respectively. However, its modified variant, known
as Bi-directional LSTM, has a training data accuracy of 72% and a test data,
accuracy of 68%.

According to reference [7] , a pre-trained algorithm named Dark-net19 should
be used. It’s worth mentioning that Darknet19 was pre-trained using 1 million
om the ImageNet collection, according to [7] . As a result, Darknet can
identify photographs into 1000 different categories, such as keyboard, mouse, and
a varicty of animals. For the purpose of avoiding degradation problems, the model
has 19 layers of convolutions in addition to residual layers. If we feed our output
from 3DCNN to LSTM as described in [10], the output from Darknetl9 is fed

photos fr
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first to following residual layers, and then this output is considered as input to
the LSTM layer, where the final choice is made into F and NF labels.

In terms of model architecture, Reference [33] has its own quirks. To circum-
vent degradation difficulties, a pre-trained system called Darknet19 [30] was used,
which was fed image frames retrieved from the CCTV generated video stream and
then fed the output frames to CNN. The ultimate conclusion is drawn through
two categories labeled F and NF after the output from CNN is supplied as input
to LSTM. If there is evidence of violence, the appropriate person is alerted by
phone. They chose Darknet19 because it performed well and provided accurate
results on Imagenet |20).

The implementation of the architecture without residual layers [7] does not
produce totally correct results, according to [14]. However, when residual layers
are used, the findings become fairly precise. It’s worth mentioning that a basic
CNN model without LSTM also outperforms the CNN + LSTM model, but the
frame accuracy of such a model will be lower anyway. Finally, the Darknet19 [31]
+ Residual Layer [14] — LSTM architecture achieves a 98.5% accuracy result.

The reference [39] adds fine-tuning layers to ResNet50 [14], as well as a new
database collection. Google gathered the data and divided it into three categories:
B. Shoplifting 960 photos, robbery 2073 images, and burglary 1136 images. Be-
cause cach image has its own resolution and format, all of the images have been
compressed to 224x224 pixels and converted to RGB. Data augmentation was
used on all ages to eliminate over- and under-fitting concerns. The data is fed
into the Convolutional Neural Network after it has been pre-processed and ma-
nipulated (CNN). The model’s performance was assessed in two stages. The first
phase implies that performance will be measured against a test set of Google data.
The model should then be fed real-time videos in the second phase. Frames are
retrieved from the video and pre-processed, which includes scaling and sorting by
RGB channel. The model then takes .each frame as input and predicts the class
label by returning the label with the highest probability value. Following [39], the

following is an overview of the proposed method:

1. Cet image from live video

Passes extracted frames to the CNN model

Shift the predicted label to Q for each frame.

Repeat step 3 for 'k’ frames.

Take the mean of the last 'k’ frames and then choose the label with the

[$1

highest probability.

The dataset was split 80:20 for testing and training purposes. The model had
acc 111‘écy of 89 percent after testing. Paper parameters such as precision, mem-
all ACCUrac | i i
y. f1 value and support, in addition to accuracy, give. In terms of the results,
ory. N
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the overall accuracy is 91.66%, which indicates that 91.66% of the anticipated
positive values are truly positive. The average recall is 86%, which is the Percen)t-
age of positives among all positives. The average f1 value is 88.33%, indicating a
good mix of precision and memory. Based on the results, we can conclude that
the model is highly capable of distinguishing between multiple classes. Because
all of the photographs in this trial were collected by Google, there should be a
strong data set for future advancements. That is, they differ in terms of size,
color, resolution, and other factors. '
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Chapter 4
Methods and Results

4.1 Methods

Our plan is to identify crime scenes using 3D convolution blocks, whicl
demonstrated a good performance in many action detection proble el have
. : ms.

Figure 4.1: CNN LSTM

The organization utilized to identify criminal records is depicted in the dj
ram above. The convolutional layers are prepared to extract contimilo ¥ 'dla-
m the video frames, and the ConvLSTM layers are used to aus high-
The following are the design options: The mode] is %g(riegate
coupled to the contours of the seen video. As soon as every outline /is ]f’la ually
representation of the connected input video outlines is stored in the covel- cod, the
of the ConvLSTM layer in this last time step. red state
This video representation is then applied to an array of fully connected 1
fication in the convLSTM occluded state. To extract outlille—le;/el(qf e
we used the AlexNet show, which was pre_'trainederf‘tupes
CNN illustrates. The following is a block diagram 2; zl:l:

)
lights fro
them at this stage.

for classi
in the proposed show,
ImageNet databasc, as

strategy.
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Figurc 4.2: Chosen Architecture

The suggested technique is depicted as a block diagram

4.1.1 Neural Network Architecture Design

We cmploy 3x3x3 convolution-based blocks in tl 'S

use 1x2x2 pooling-based blocks. For each CNN, pl)ccx)fi:lbltg Iizy;r'cnf:&iftf : th.a‘t, we
reduces the number of mappings between convolution blocks Whicliav 'IBOU»O oy
computational load. We’ll go through some subsequent pOOling) algol-itlle Hees the
in CNNs in this section. This pattern is repeated two more times resui?s llfﬁlhzed
components. A softmax layer with the same quantity of elelrlelit,s as th i tWO
of crime type classes appears in the output. We have used a cross—entr(f qulalltlty
our objective function. Here is the sample from PyTorch code we l’lave rz.i&s;as

UM _CLASSES =

lass U0
caf

< S

(self,

sampie_size,
sarple_duration,
rur_classes=NUN_CLASSES):

super(C3D, self). ..° O
self.groupl = nn. Sequential(

an.Conv3d(®, =, kernel_size=:, paddinga:),

n=.ReLUL ),

an.HaxPool3d(kernel _size=(l, .,
self.group2 = nn.Sequential(
Conv3d(:, '+, kernel_size=:, padgingsi),

M

n"

nn
n"

self.group

n~
nn

ar

.ReLU(;,
.naxvoolsd(kernel_si:es(., o
3 = nn.Sequential(
kernzl_size=:,

SRR
LConv3d(~, =, paading=1i},

LReLU(:,
,MaxPOOESU(kernel_si:e={,, S0

+{math.flcor{sample_duration 7 17}}

Jast_curatior =
)]

last_size = - - (math.ceilisample_size /

self.fcl = nn.Sequential(
. iirean((-10 ° last_duration * last_size ° last_sized , o)
nn.RelUt .
nw.oropout(d.~)x

self.fc2 = nn.Sequertial(

an.Lirear(sc e ST
an.ReLU(},
an.Dropout (v 1)

self.fc = an.Sequential

amLLirear(st num_classesi’

Figure 4.3: Neural Network Code Sample
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4.1.2 Dataset

The Violent-Flows Crown Violence dataset was used to train our model. This
dataset contains 246 films depicting both violent and nonviolent erowd behavior
during sporting cvents. We used random cropping and horizontal flipping across
frames to extend the dataset.

Original Image
De-texturized
De-colorized

| Data Augmentation

Edge Enhanced

Salient Edge Map

i Flip/Rotate

Figure 4.4: Data Augmentation

Street fighting, assault, robbery, and police lbrutality were the four c_ategories
‘1 which the films were categorized. Oversamphng and ylcleo at.lgmentatlon tech-
ki y o used to create classes of the same size. Since training datasct size
niques wo}(jrub;? X .a R AM storage, we needed to desing a dataset abstraction
Wd" tooi .lldlé);)a?aqet abstraction helped us to perform batch optimization using
i Pytm?l-c‘ fieLnt Descent (SGD). We have also written a data preprocess-
StO?llasth fm;- 1 code for preprocessing video snippets into corresponding ten-
ing!{h‘?nbi?;z;at;oget original video snippets we have written a denormalization
sors. it 7 e

code. Here is the sample code we have written.



preyrocess = transforns.Corposel [
IrgliesTaTensor(), = licv o¢ blu imags: o R
cra~sforms. Resize(. -}, § ivags B h T e s e LT T ey
transforms. {ertenlrop(. I, :‘:r
tra~sforTs.Nornalize(meanals 2o, vt 4ﬂ~1,-stﬁ-i; e ]
d R S ST I

8

Cataset = ViceoFrameDataset(
~00t_patnevideos_rooT,
annotationfile_patheannotation_file,
nUT_segnetss=
frames_pe~_segmenta’,
itagefile_terplates I-¢ - 43140,
TracsforTapreprocass,
test_modesFalse

satole = Jataset[.:
frame_tensor = sample[] & teiiw Ofoeoaie s
i 1

larel = samplel | = [-7eger .4
< Tene-e Size , frame_tensor.size(n)

et . e{video_tersari:

rocrancans da.datien normalizsticor, o0 TC M2 scallrg
-zaeraagerert for a2 batoh Q¢ images.
canter. A CFRAUES v CHAWMELD o REDEHT o RIDEMT tatsan

inerse_nornalize = trarsforms tormalize!
Tear=, Lo e BT R BT
AN | °

StS-[ IS Lol e,

]
S}l o(torchouint8) peraute(e, 2, o, 1).numpy({)

st (iﬁverse_nornali:e(Video_tensor) °
Figurc 4.5: Datasct Abstraction in PyTorch

Two Nvidia Titan RTX graphical processing units (GPUs) were used for t}
g. We utilized a stack size of 32 frames and a learning rate of 0.001 a;e
. a

trainin
point. The training took place over the course of two weeks

starting

4.2 Results

nodel predicted four different crime classifications with an accurac
e given four classes. The ROC curve (one-versus-all for the ﬁrs}t,

est data set may be seen below.

The trained 1

of 87% for th
class) for the t
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Figure 4.6: ROC curve

The resulting model’s accuracy is higher than the accuracy given in [45] (59%)
and [44] (64%). This illustrates how 3D convolution blocks may be used to forecast
crime kinds from video data. The downside of the current model could be its
relative slowness of the inference phase. It takes roughly 8 minutes to infer a
ith a runtime of 5 minutes, i.e. we require about 60% more time than the

video w : . .
This translates into difficulty of using the current approach for

film’s duration.
real-time implementation.



Chapter 5

Conclusion

Street crime is on the rise around the world. Although the number of CCTV
cameras is also rising, it takes a lot of manpower to analyze every video footage.
As a part of addressing this issue, we have tried to build a system for crime
type classification from video footage. The system works with limited number of
ver it has shown some promising results. This thesis used video
I solution to the problem of crime categorization. The
method shown is superior to existing state-of-the-art techniques.

In the real life, it is preferable to have a system that provides a real-life pre-
dictions for the coming video footage. I\/Ioreoyer., one might try to incorporate the
algorithm into hardware itself in orde_r t.rO avoid internet conne:ction risks. For this
reason, we intend to improve the gmstmg app}'oacll so that it may be employed
in a real-time sctting. Also, we wish to investigate to run the future algorithms

in edge devices such as cameras.

crime types, howe
footage to provide a fres
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