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ABSTRACT

Human Action Recognition (HAR) is a significant application realm in computer vision,
but high precision recognition of human action in the complex background is still an open
question. Recently, deep learning approach has been used widely in order to enhance the
recognition accuracy with different application areas. In our research, as classifier, a deep
Convolutional Neural Network (CNN) using ResNet-50 model is proposed for HAR
because it is the most upper hand in compare to other classifiers. Our proposed research
work have used publicly accessible UCF-101 dataset which provides the largest
multiplicity in HAR filed as most of the available action recognition data sets are not
realistic. Additionally, UCF-101 dataset intends to give support further research into

action recognition by learning and surveying new pragmatic action categories.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

In the last decade, human action recognition (HAR) is becoming a more and more attractive
research topic with several applications, such as video surveillance, virtual reality, intelligent
human-computer interactions, etc. However, accurate recognition of actions is a highly

challenging task due to cluttered backgrounds, occlusions, and viewpoint variations.

HAR consist of several stages, which describe the features that define activities or low level
actions. A generic description of human action recognition from image sequence consist of
two steps: 1) extract complex handcrafted features from raw input video frames, 2)build a
classifier basedon these features Some of the commonly used features for human action
recognition are Histogramof Oriented Gradient (HOG)[1], Histogram of Optical Flow
(HOF), Motion Interchange Patters(MIP), Space-Time Interest Points (STIP), action bank
features [2] and dense trajectories[3].However, these approaches are difficult and time
consuming to extend these featuresto other systems. A large part of hand-design features are
driven by task and different tasks may usecompletely different features. But in reality, it is
hard to know what kind of feature is important to aspecific task, so the feature selection is
highly dependent on the specific problem. Especially forhuman action recognition, different
kinds of sports show a very big difference in the appearance andmotion model, it is hard to
get the essential feature of action in the drastic change ofenvironment .Therefore a generic
feature extraction method is needed to be proposed to alleviatethe need for hand-engineered

features and reduces the calculation scale.

CNN [4] is a deep model that obtains complicated hierarchical features via convolutional
operation alternating with sub-sampling operation on the raw input images. It is confirmed
that

CNN can gain more excellent performance in visual target recognition tasks through
appropriate adjustment during the training. And CNN has invariance for a particular pose,
illumination, anddisorderly environmental change.The first attempt for HAR using CNN was

1
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by[5] developing a novel 3D CNN model that extractfeatures from both spatial and temporal
dimensions by performing 3D convolutions, therebycapturing the motion information
encoded in multiple adjacent frames. The developed modelgenerated multiple channels of
information from the input frames, and the final featurerepresentation is obtained by
combining information from all channels. [7] Proposed a deep convolutional network
architecture for recognizing human actions in videos using action bank features of UCF50
database. [8] Proposed a novel dynamic neural network model which can recognize dynamic
visual image patterns of human actions based on learning. Convolutional neural network
(CNN) and the multiple timescale recurrent neural networks (MTRNN) were introduced. [9]
Proposed a newmethod which combines part-based models and deep learning by training

pose-normalized CNN.

Although CNN is a good option for HAR, this method still has a weakness that the
kernels/weights employed in the convolution are trained by BP neural networks, which are
very time consuming. In this paper, to solve this problem of HAR based on CNN, a
convolutional auto-encoder (CAE) pre-training strategy has proposed. This method discovers
good CNN initializations that avoid the numerous distinct local minima of highly non-convex

objective functions arising in virtually all deep learning problems.
1.2 Objectives

The main objective of this thesis is to develop an automated agent for recognizing human
action using UCF-101 dataset [10].

The goals of our thesis are:

e Divide every video into image frame (1 frame per 10 seconds)

e To reshape differently sized images and convert them into NPZ arrays.
e Successfully divide the dataset into test and train folders.

e Retrain ResNet-50 model with our training dataset

e Save model progress as model checkpoints

e Save best model weights for future prediction

e Predict human action type from unknown test dataset.
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1.3 Motivation

Nowadays human action recognition algorithms empower many real world applications. Sec
urity issue is becoming more important in our daily life and it is one of the most frequently

discussed topics nowadays. Our motivation is to develop and train an agent which can recog
nize human action. With the input of a network of cameras, a visual surveillance system po

wered by action recognition and prediction algorithms may increase the chances of capturin

g a criminal on video, and reduce the risk caused by criminal actions. Another important mo
tivation of our research is to increase human-robot interaction. Human-

robot interaction is popularly applied in home and industry environment. Imagine that a pers
on is interacting with a robot and asking it to perform certain tasks, such as “passing a cup 0
f water” or “performing an assembling task”. Such an interaction requires communications b

etween robots and humans, and visual communication is one of the most efficient ways.
1.4 Expected Outcome

In our Thesis our main focus is to develop and train an agent which can predict human actio
n type with 13320 videos from 101 action categories. The agent is based on convolutional n
eural network where we have used a pre-trained model (ResNet-

50) rather than a hand crafted one. ResNet-

50 has a performance boost of 10% in comparison with hand crafted models. After the traini
ng the agent has the accuracy of 92.25%.

1.5 Report Layout

First Chapter contains the Introduction, Objectives, Motivation, Expected Outcome and Rep
ort layout of our project. Then second chapter contains Project Introduction, Related works,

Comparative Studies, Scope of the problem and also Challenges of our project. Third chapte
r contain all about Requirement Specification which are Use Case Modeling and Description

, Logical Data Model, Design Requirements and Description of the Dataset we have used.

Fourth Chapter describes proposed methodology in details and Training strategies for the ag
ent. Our fifth chapter is all about Implementation and Accuracy testing. This contains Imple

mentation of ResNet-50, Prediction Visualizer and Testing modules.

3
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Our last chapter contain conclusion of the full thesis. This report contains all about our prop

osed system, its problem, and solution and future improvements.
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CHAPTER 2
BACKGROUND AND RELATED WORKS

2.1 Introduction

Human action recognition is a dynamic point in the field of computer vision. This is because
of the quickly expanding measure of video records and the huge number of potential applicat
ions taking into account programed video examination, for example, visual observation, hum
an machine interfaces, sports video investigation, and video recovery. Among these applicati
ons, a standout among the most fascinating is human action recognition particularly abnorma
I

state behavior recognition. An action is a succession of human body developments and might
include a few body parts simultaneously. From the perspective of computer vision, the recog
nition of action is to coordinate the perception (e.g., video) with beforehand characterized pat
terns and after that relegate it a label, i.e., action type. Contingent upon multifaceted nature,
human activities can be arranged into four levels: Gestures, actions, interactions and group ac
tivities [11], and much research takes after a base up development of human movement recog
nition. Significant segments of such frameworks incorporate feature extraction, action learnin
g, classification, action recognition, and segmentation [12]. A straightforward procedure com
prises three stages, in particular discovery of human and/or its body parts, following, and afte
r that recognition utilizing the following results. Case in point, to perceive “shaking hands” a
ctivities, two man’s arms and hands are initially recognized and followed to produce a spatial
temporal description of their development. This description is contrasted and existing exampl
es in the training data to decide the action sort. This standard of classifying action recognitio
n methods are intensely depends on the exactness of tracking, which is not solid in cluttered
scenes. Numerous different systems were proposed and can be ordered by distinctive criteria
as in existing survey papers. Poppe [12] examined human action recognition from picture rep
resentation and action classification independently. Weinland et al. [13] surveyed systems for
action representation, segmentation and recognition. Turaga et al. [14] isolated the recogniti
on issue energetically and action as indicated by its unpredictability, and arranged methodolo
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gies as indicated by their capacity to handle fluctuating degrees of many-

sided quality. There exist numerous other classification criteria.

2.2 Automated Agent Scenario

Human action recognition has become an important issue in this modern technology based er
a. Recognizing human action using a trained agent is very helpful because of its automated s
ystem. Moreover, human is prone to fatigue and has a limitation of how much work the can

do each day. To overcome his type of limitations an automated agent can be of great help. M
achines are free from fatigue and have no limitation of working hours. A trained agent can pr
edict quicker than human and can process large amount of data. New classifications can be p

rogrammed to be trained again which in terms increases agent’s accuracy.
2.3 Saved Model and Reuse

Models can be saved after the training is done which can be reused for latter model training.
Reusing model weights reduces huge time required to train an agent. We reuse a recently buil
t model design and the vast majority of the learned weights, and after that utilization standard
preparing strategies to take in the remaining, non-

reused parameters. When you build your Keras display utilizing the useful interface, you can
likewise assemble extra models on any subset of the ways through the system by reusing the
go-

between capacities. At that point you can prepare on just parts of the system (given that you
have focuses for the yields). I haven't endeavored to prepare on sub-

systems of a system, however | do utilize these middle person models to engender enactment
s between interior layers. The Python bundle conx that is based over Keras will construct the

se middle person models for you, coincidentally.

2.4 Related Works

Action recognition has been studied for years. Early works focus on developing good hand-
crafted features for representing actions, such as 3D SIFT [15] and dense trajectory [16]. The
performances for these methods are often restrained due to the limited differentiation capabil
ity of hand-

crafted features. With the development of deep ConvNets, many ConvNetbased methods wer
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e recently proposed for action recognition, which utilize ConvNets to automatically obtain th
e feature representation for actions. Ji et al. [17] utilize a 3D ConvNet to recognize actions in
video. Simonyan and Zisserman [18] propose a two stream framework which uses two Conv
Nets to respectively extract features from two information streams (i.e., appearance and moti
on) and fuse them for recognition. Based on this framework, recent researches further improv
e the effectiveness of ConvNet features by including additional information sources [19], Co
nvolutional neural network-

based robot navigation using uncelebrated spherical images [20]. Most of the existing works
are targeted at learning features for directly describing actions’ individual action classes, whil
e the shared characteristics in different action class granularities are less studied. This restrai
ns them from precisely distinguishing the subtle difference among ambiguous actions. Althou
gh some methods [21] obtain different levels of generality by integrating features in multi-
ConvNet layers, they still focus on directly representing the individual action classes and do
not consider the shared characteristics in different action class granularities. Besides the deriv
ation of proper features, other researches focus on the proper combination of multiple inform
ation streams to boost the action recognition performance [22], [23], and [24]. For example,
Feichtenhofer et al. [22] introduce residual connections between information streams to reme
dy the deficiency of late fusion strategy in the two-

stream framework. Wu et al. [25] also improve the fusion efficiency of the two-

stream framework by performing both sequence level fusion and video-

level fusion over the information streams. However, most of these works fuse stream-

wise information that happen simultaneously, which have limitations in handling the longer-
term asynchronous pattern among information streams. As will be shown in this paper, the as
ynchrony among information streams is a non-

trivial factor which can bring noticeable performance gains for action recognition.

Our proposed work is based on three existing researches [18], [26] and [27] where all these
works use UCF-
101 dataset [10] for training and testing there corresponding models. A comparative study of

these three models is given below.
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2.4.1 BoVW and Fusion Method

As shown in Figure 2.1, the pipeline of Bag of Visual Words (BoVWs) [26] framework cons
ists of five steps: feature extraction, feature pre-

processing, codebook generation, feature encoding, and pooling and normalization. Then the
global representation is fed into a classifier such as linear SVM for action recognition. In this
section, they gave detailed descriptions of the popular technical choices in each step, which
are very important for constructing a recognition system. Furthermore, they summarize sever
al used techniques in these encoding methods and provide a unified generative perspective o
ver these different encoding methods. This paper aims to provide a comprehensive study of a
Il steps in BoVW and different fusion methods, and uncover some good practice to produce a
n action recognition system. Specifically, they explore two kinds of local features, ten kinds
of encoding methods, eight kinds of pooling and normalization strategies, and three kinds of
fusion methods. They conclude that every step is crucial for contributing to the final recognit
ion rate and improper choice in one of the steps may counteract the performance improveme
nt of other steps. Furthermore, based on their comprehensive study, they propose a simple ye
t effective representation, called hybrid representation, by exploring the complementarity of
different BoVW frameworks and local descriptors. Using this representation, they obtain an a
ccuracy of 87 .9% on UCF101 dataset [10].

Pooling &

Fencing

e Lunges
3 l?;r .' Hammering
SN il et GolfSwing
. lnllilhhllllll ) CricketShot

Figure 2.1: The pipeline of obtaining BoVWs representation for action recognition.
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2.4.2 Optical Flow Sequence method using Alexnet and VGG-16

They propose a three-

stream CNN [18] setup for action recognition. This architecture is an extension of the popula
r two

stream model that takes as input individual RGB frames in one stream and a small stack of o
ptical flow frames in the other. One shortcoming of this model is that it cannot see long-
range action evolution, for which they propose to use their dynamic flow images. Their overa
Il framework is illustrated in Figure 2.2. To be precise, for the dynamic flow stream, for each
video sequence, they generate multiple dynamic flow images. In order to achieve this, they f
irst split the input flow video into several sub-

sequences each of length and generated at a temporal stride. For each sub-

sequence, they construct a dynamic flow image using the optical flow images in this window
. They associate the same ground truth action label for all the sub-

sequences, thus effectively increasing the number of training videos. They use a separate CN
N stream on dynamic flow images. Given that action recognition datasets are usually tiny, in
comparison to image datasets (such as ImageNet), increasing the training set is usually neces
sary for the effective training of the network. They use the TVL1 optical flow algorithm to g
enerate the flow images using its OpenCV implementation. For training, they use the two suc
cessful CNN architectures, namely Alexnet and VGG-

16. They use the Caffe toolbox [30] for the implementation. As the number of training video
s is substantially limited to train a standard deep network from scratch, they decided to fine-
tune the networks from models pre-

trained for image recognition tasks. They use Alexnet CNN architecture on UCF101 dataset [
10] and accuracy was 88.63%.
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Figure 2.2: Architecture of Optical Flow Sequence with three stream CNN.

2.4.3 Multi-View Super Vector Method

Partly inspired by the Gaussian mixture model (GMM) based Fisher Vector representation [2
8] and the Factorized Orthogonal Latent Spaces (FOLS) approach [29] for multi view learnin
g, in this paper, they propose a Mixture model of Probabilistic Canonical Correlation Analyz
ers (M-

PCCA), and utilize this model to jointly encode multiple types of descriptors for video repres
entation. Their motivation is to factorize the joint space of descriptor pair into their shared co
mponent and mutually independent private components, so that each component has strong i
nner dependency while different components are as independent as possible. They then apply
kernel average on these components. In this way, they make the most of different local descr
iptors to improve recognition accuracy. They first derive an EM algorithm for learning M-
PCCA. Each video is encoded based on this MPCCA via latent space and gradient embeddin
g. As they saw, the resulting video representation is consisted of two components: one is the
latent factors, which encodes information shared by different feature descriptors; the other is
the gradient vector, which encodes information specific to each type of them. Interestingly,
mathematical formulations of the two components turn out to be the counterparts of FV and
VLAD representations, respectively. They revisit Canonical Correlation Analysis (CCA) and
propose the mixture model of canonical correlation analyzers and its corresponding learning

algorithm as well as present their video representation based on M-

10
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PCCA. After that they derive the MVSV [27] representation from M-

PCCA. Then we present an interpretation of the representation and compare it to previous co
ding methods. The performance of the method are experimentally examined on the UCF101
dataset and has an accuracy of 83.5%.

Latent Factors

[ z, ] 1 P | . | Zx |

T —— — — — — — — — — — — — — — — — — — — — — — — — —

Figure 2.3: A graphical interpretation of M-PCCA
2.5 Scope of the Problems
Main scope of this thesis is as follows

1. Develop and train an agent which can predict Human Action from 101 human action ¢
lasses based on UCF-101 dataset [10].
2. Save best weights from each iteration for future use which can in terms reduce time re

quired for prediction.

2.6 Challenges

Throughout the work we have faced several challenges. Most prominent challenges are stated

below

11
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1. Overfitting
The main challenges of this thesis were to reduce overfitting throughout the training
epochs. Sometimes the agent performed very poor on the unseen data. To reduce this
type of problem we have followed the several steps like cross-
validation, increasing training data volume, reduce features, regularization, ensemble
and early stopping.

2. Selection of Activation Function

We have tried several activation functions like Binary Step, Sigmoid, Tanh, ReLU, L

eaky ReLU, Softmax etc for the pullout layer of our CNN model. Though each activ
ation function has its strong points, ReLu works best for the ResNet-
50 architecture and have the best weight distribution.

3. Distribution of Tensors
We have used Nvidia Quadro K200m GPU for our work, which in term is a very lo
w power GPU of only having 1.67GB of video memory. This low memory was very
frustrating while assigning tensors as it always ran out memory all time. To overcom
e this problem, we have used fusion of both GPU and CPU while assigning tensor.
We were needed to active multiple CPU workers at a time.

4. Choosing the Best Weights
In each epoch model generates several weights it has trained on. Choosing the best w
eights in the past was bit of challenging. In modern days several frameworks are use
to choose best weights from the several iterations in each epoch. Keras worked best i

n this type of scenario to the best of knowledge.

12
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CHAPTER 3
REQUIREMENT SPECIFICATION
3.1 Introduction to Dataset

UCF101 which is currently one of the largest datasets of human actions. It consists of 101 ac
tion classes, over 13k clips and 27 hours of video data. The database consists of realistic user
uploaded videos containing camera motion and cluttered background. To the best of our kno
wledge, UCF101 is currently one of the most challenging datasets of actions due to its large
number of classes, large number of clips and also unconstrained nature of such clips. The ma
jority of existing action recognition datasets suffer from two disadvantages: 1) The number o
f their classes is typically very low compared to the richness of performed actions by humans
in reality, e.g. KTH [31], Weizmann [32], UCF Sports [33], IXMAS [34] datasets includes o
nly 6, 9, 9, 11 classes respectively. 2) The videos are recorded in unrealistically controlled en
vironments. For instance, KTH, Weizmann, IXMAS are staged by actors; HOHA [35] and U
CF Sports are composed of movie clips captured by professional filming crew. Recently, we
b videos have been used in order to utilize unconstrained user-
uploaded data to alleviate the second issue. However, the first disadvantage remains unresolv
ed as the largest existing dataset does not include more than 51 actions while several works s
howed that the number of classes play a crucial role in evaluating an action recognition meth
od. Therefore, we have compiled a new dataset with 101 actions and 13320 clips which is ne
arly twice bigger than the largest existing dataset in terms of number of actions and clips. (H
MDB51 [36] and UCF50 [37] are the currently the largest ones with 6766 clips of 51 actions
and 6681 clips of 50 actions respectively.) The dataset is composed of web videos which are
recorded in unconstrained environments and typically include camera motion, various lightin
g conditions, partial occlusion, low quality frames, etc. Figure 3.1 shows sample frames of 6
action classes from UCF101. The clips of one action class are divided into 25 groups which ¢
ontain 4-
7 clips each. The clips in one group share some common features, such as the background or

actors. The videos are downloaded from YouTube and the irrelevant ones are manually remo

13
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ved. All clips have fixed frame rate and resolution of 25 FPS and 320 x 240 respectively. Th

e videos are saved in .avi files compressed using DivX codec available in k-lite package.

. e B ]
o Al
A
§ ~
17 e
1 w I\ '

Haircut

Rafting Cricket Shot | Shaving Beard

Figure 3.1: Sample frames for 6 action classes of UCF101 [10].

Table 1. Summary of Major Action Recognition Datasets [10]

Dataset | Number of Actions  Clips  Background Camera Motion ~ Release Year Resource
KTH[11] 6 600 Static Slight 2004 Actor Staged
Weizmann | -] 9 81 Static No 2005 Actor Staged
UCF Sports [10] 9 [82 Dynamic Yes 2009 TV, Movies
IXMAS [12] 11 165 Static No 2006 Actor Staged
UCF11 (0] 11 1168  Dynamic Yes 2009 YouTube
HOHA [7)] 12 2517 Dynamic Yes 2009 Movies
Olympic [*] 16 800  Dynamic Yes 2010 YouTube
UCF50 9] 50 6681  Dynamic Yes 2010 YouTube
HMDB53I [5] 51 6766  Dynamic Yes 2011 Movies, YouTube, Web
UCF101 101 13320 Dynamic Yes 2012 YouTube

3.2 Workflow of the Proposed Method

We have used Convolutional Neural Network (CNN) based on ResNet-

50 architecture. CNN has several modules like input layer, convolutional layer, pooling layer
, ReLU and fully connected layer. We have used ResNet

14
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Figure 3.2: Proposed Method Workflow
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After reshaping the images, we have converted them into SciKit arrays known as NPZ arrays
to reduce huge time required to train high resolution images. This step adds minor execution
time but reduces overall system execution time. We feed the NPZ arrays to the input layer b
ut before that we need load empty ResNet-

50 model. From the dataset we have created test and train folder and placed random images.
Train folder is used to train the model and test folder serve as the unknown images source.
We have trained the ResNet-

50 with the train dataset which contains 60% of total images and each training iteration is val
idated against 10% of total images known as validation set. After retraining the ResNet-

50 with current train dataset we save the best weights from each iteration and save model stat
e. Saved state can be later used to retrain where left off. We have chosen the best weight fro
m almost 1000 weights to predict the unseen data from the test dataset. Test dataset contains
30% of total images which are unseen by the model. After the prediction we plot the best pro
babilistic prediction on the unseen image. The whole work flow can be visualized from the fi

gure 3.2.
3.3 Workflow Graph of the Proposed Method

UCF101 dataset [10] contains 101 action classes as video clip from which using OpenCV we
have to create frame. Every video clip is subdivided into many parts in every ten second inte
rval i.e. we get one image per ten second video. RGB color channel allocation are done in thi
s layer to. In our case we have taken 3 channels. In feature learning process there are three p
arts. Convolution layer extracts the highlevel features of each images from the input images.
After we have extracted high level features from the input images, we apply ReLu (Non-
Linear Rectified Unit) on each convolution layer immediately the purpose of this layer is to i
ntroduce nonlinearity to a system that basically has just been computing linear operations dur
ing the conv layers (just element wise multiplications and summations). After the ReLu we a
pply max poling. Max pooling layer chooses the best features from the primary features extra
cted by the convolution layer. Max pooling gives us the best features which are multidimensi
onal arrays. As our fully connected layers only learns on single dimensional array, we need t
o platen the multidimensional array before feeding to the fully connected layers. Fully conne
cted layers learn on the flatten inputs by applying the back propagation. For the back propaga

16
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tion and distribution of the images we have used ADAM function rather than Stochastic Gra

dient Descent (SGD). ADAM is much more optimized and reduces compilation time. Fully ¢
onnected layers outputs an N dimensional vector where N is the number of classes that the pr
ogram has to choose from. Each number of this N dimensional vector represents the probabil

ity of a certain class.

Figure 3.3: System Workflow Graph

We have ventured classification problem rather than localization and detection through our th
esis last layer of the model is the Softmax function. Softmax assigns decimal probability to e
ach class in the multi-

dimensional feature array. Total probability of the Softmax function assigned to each class m
ust be 1. Softmax also helps the model training to converge more quickly which will take mu

ch longer without the Softmax.

17
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3.4 Prediction flow of the Proposed Method

We have generated the best weight of each iteration. After the model is finished learning wit
h all the images in the train dataset the model will generate more than 100 weights. We use t
his weight to predict the class the unknown image belongs to. First the model is loaded with
the best weight. We then fed this model a new unknown image from the test dataset. Trained
model predicts the class of the unknown image. After the probabilistic prediction we plot the
result with the help of image plotter. CNN models compare each prediction with the ground
truth. Image plotter prints the highest probability and the nest best match on the unseen imag

e.

Figure 3.4: Prediction Workflow
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3.5 Implementation Requirements

We have used several frameworks and python as programming language. Frameworks we ha
ve used through the thesis are listed below

e Keras

Keras is AN open supply neural network library written in Python.
It is capable of running on prime of TensorFlow, Microsoft psychological feature Too
IKit, or Theano. Designed to alter quick experimentation with deep neural networks, it
focuses on being easy, modular, and extensile. It was developed as part of the researc
h effort of project ONEIROS (Open-ended Neuro-
Electronic Intelligent Robot Operating System) and its primary author and maintainer
is Francois Chollet, a Google engineer.
In 2017, Google's TensorFlow team set to support Keras in TensorFlow's core library.
Chollet explained that Keras was planned to be AN interface instead of a standalone
machine-learning framework. It offers a higher-
level, additional intuitive set of abstractions that create it straightforward to develop d
eep learning models despite the process backend used. Microsoft superimposed a CN
TK backend to Keras similarly, offered as of CNTK v2.0.

e Tensorflow
TensorFlow is associate open supply code library for numerical computation mistreat
ment information flow graphs. The graph nodes represent mathematical operations, w
hereas the graph edges represent the multidimensional information arrays (tensors) th
at flow between them. this versatile design allows you to deploy computation to at lea
st one or additional CPUs or GPUs in a very desktop, server, or mobile device while
not revising code. TensorFlow additionally includes TensorBoard, a knowledge ment
al image toolkit.
TensorFlow was originally developed by analyzers and engineers performing on the
Google Brain team at intervals Google's Machine Intelligence analysis organization f
or the needs of conducting machine learning and deep neural networks research. The
system is general enough to be applicable in a very big variety of different domains, a

s well.
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TensorFlow provides stable Python API and C Apis furthermore as while not API bac

kwards compatibility guarantee like C++, Go, Java, JavaScript and Swift.

e SciKit Learn
Scikit-
learn (formerly scikits.learn) may be a free computer code machine learning library fo
r the Python programing language. It options numerous classifications, regression and
bunch algorithms together with support vector machines, random forests, gradient bo
osting, k-
means and DBSCAN, and is intended to interoperate with the Python numerical and s
cientific libraries NumPy and SciPy.
The scikit-
learn project started as scikits.learn, a Google Summer of Code project by David Cou
rnapeau. Its name stems from the notion that it's a "SciKit" (SciPy Toolkit), a separat
ely-developed and distributed third-
party extension to SciPy. the initial codebase was later rewritten by different develope
rs. In 2010 Fabian Pedregosa, Gael Varoquaux, Alexandre Gramfort and Vincent Mic
hel, all from INRIA took leadership of the project and created the primary public unh
arness on Feb the first 2010.0f the assorted scikits, scikit-learn likewise as scikit-
image were delineate as "well-
maintained and popular” in November 2012. As of 2018, scikit-

learn is in active development.

e OpenCV
OpenCV (Open supply pc vision) may be a library of programming functions in the
main geared toward period pc vision. Originally developed by Intel, it was later supp
orted by Willow Garage then Itseez (which was later non-
heritable by Intel). The library is cross-
platform and free to be used beneath the ASCII text file BSD license. OpenCV suppo

rts the deep learning frameworks TensorFlow, Torch/PyTorch and Caffe.
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Officially launched in 1999, the OpenCV project was ab initio associate Intel analysis
initiative to advance CPU-

intensive applications, a part of a series of comes together with period ray tracing and
3D show walls. The main contributors to the project enclosed variety of optimization

consultants in Intel Russia, also as Intel's Performance Library Team.

CHAPTER 4
PROPOSED WORK

4.1 Introduction to CNN

Deep learning explores the chances of learning features directly from input images, avoiding
hand-

crafted models. The key concept of deep learning is to explore multiple levels of illustration
aiming that higher-

level features represent an abstract view of the images. Convolutional Neural Networks (CN
Ns) nowadays is used in everywhere. CNN is constructed of multiple convolutional layers sta
cked on top of each other, followed by a supervised deep net known as fully connected layer
and sets feature maps represent both input and output of each convolutional layers. Input ma
y very like image, audio, and video. In our case we have used color images, at the input layer
each feature map is a two-

dimensional array storing RGB channel of the input image. Output from each layer consists o
f a set of arrays where feature map represents a particular feature extracted at a particular inp
ut layer. A deep net is trained by feeding it input and letting it compute layer-by-

layer to generate the final output for comparison with the correct answer. ADAM function w
ork as weight distributor in each iteration and error are back propagated to net. At each step
backward, the model parameters are tuned in a direction that tries to reduce the error. This pr
ocess increases model accuracy as the learning progresses. Generally, training is done by fee
ding the model train data set again and again in an iterative fashion until the model converge

S.
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Figure 4.1: A CNN architecture

4.2 ResNet-50 Architecture

Deep convolutional neural networks [4] have led to a series of breakthroughs for image class
ification. Deep networks naturally integrate low/mid/high level features and classifiers in an
end-to-
end multilayer fashion, and the “levels” of features can be enriched by the number of stacked
layers (depth). Driven by the significance of depth, a question arises: Is learning better netw
orks as easy as stacking more layers? An obstacle to answering this question was the notorio
us problem of vanishing/exploding gradients, which hamper convergence from the beginning
. This problem, however, has been largely addressed by normalized initialization and interme
diate normalization layers, which enable networks with tens of layers to start converging for
stochastic gradient descent (SGD) with backpropagation. When deeper networks are able to s
tart converging, a degradation problem has been exposed: with the network depth increasing,
accuracy gets saturated (which might be unsurprising) and then degrades rapidly. Unexpecte
dly, such degradation is not caused by overfitting, and adding more layers to a suitably deep
model leads to higher training error and thoroughly verified by our experiments. The degrada
tion (of training accuracy) indicates that not all systems are similarly easy to optimize. Let us
consider a shallower architecture and its deeper counterpart that adds more layers onto it. Th

ere exists a solution by construction to the deeper model: the added layers are identity mappi
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ng, and the other layers are copied from the learned shallower model. The existence of this ¢
onstructed solution indicates that a deeper model should produce no higher training error tha
n its shallower counterpart. But experiments show that our current solvers on hand are unable
to find solutions that are comparably good or better than the constructed solution. This degra

dation problem can be address by introducing a deep residual learning framework.

xX

k4

weight layer
F(x) 1 relu «
weight layer identity
F(x)+x

Figure 4.2: Residual Learning Building Block

Let us consider H(x) as an underlying mapping to be fit by a few stacked layers (not necessa
rily the entire net), with x denoting the inputs to the first of these layers. If one hypothesizes
that multiple nonlinear layers can asymptotically approximate complicated functions, then it i
s equivalent to hypothesize that they can asymptotically approximate the residual functions, i
.., H(x) — x (assuming that the input and output are of the same dimensions). So rather than
expect stacked layers to approximate H(x), we explicitly let these layers approximate a residu
al function F(x) = H(x) — x. The original function thus becomes F(x) + x. Although both for
ms should be able to asymptotically approximate the desired functions (as hypothesized), the
ease of learning might be different. A typical ResNet-50 have the following components:

* Input layer: Input images are feed to this layers and output is feed to convolution layers. Re
shaping and feature-

scaling is done in this stage to prevent model from dimensionality error. BrekHis dataset cont
ains images of different shape as result to correct dimensionality error reshaping is must. We
have reshaped all the images to (64*64) pixel. As all the images are colored, we have chosen
channel size to be 3 (RGB channel).

» Convolutional layers: Convolution layers convolves the input images into a multi-

dimensional feature map with as set of learnable filters. We have used three convolutional la
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yers. The kernels or filters are of size 5 x 5, padding is set to 2 and stride is set to SAME me
ans stride and padding is of same size. The first two convolutional layers learn 32 filters each
one and Gaussian distribution with standard deviation of 0.0001 and 0.01, respectively is init
ialized for convolutional layer 1 and 2 respectively. The last layer learns 64 filters and a Gau
ssian distribution with standard deviation of 0.0001 is used to initialize this layer.

* Pooling layers: Pooling layers are responsible for down-

sampling the spatial dimension of the input. After each convolutional layer there is a polling
layer. We have used a 2*2 kernel for each poling layer and a stride of size 2. The first pooli
ng layer uses the max pooling over the generated feature map and the last two perform avera
ge pooling.

* ReLU layers: We have tested different activation functions like Tanh, Sigmoid ReLu, Leak
y ReLu, Binary step etc. From our findings we have seen that ReLu works best onh the histo
pathology images. After each polling there is a ReLu layer. For an input value of X ReLu co
mputes the neuron’s output f (x) as x if X > 0 and (a x Xx) if x <= 0. a specifies whether to om
it the negative part by multiplying it with the slope value (0.01 or so) rather than setting it to
0. The default value of o is 0. If the value of o is not set then it works as a standard ReLU fu

nction f (x) = max (0, x), in other words, the activation is simply threshold at zero.

Figure 4.3: ReLU

« Fully connected layers: Fully connected layers are in theory a connected deep neural netwo
rk that takes a multi-
dimensional feature map as input and produces a single dimensional feature map as output.

We have used three fully connected layers as this gives the best accuracy and optimum weig

24
Copyright© Daffodil International University



ht distribution. After the fully connected layer there is a probabilistic Softmax activation func
tion. Softmax is a probabilistic function that gives the best match depending on the number o

f classes in the classification problem. For our case it’s any action class.

28x28, 14x14, 7x7,
512 channels 1024 channels 2048 channels

Res3d Res4f Res5¢
x3 x4 X6 x3
input '\ 7x7, 64 ;X;'gz ;x;'g: ;x;,;:g ;xggg rc1000 Yy CPt
224x224x3 ~ /| " s - K3, = (1 x nClasses)
1x1,256 1x1,512 1x1,1024 1x1,2048
Layer Name Convl Conv2 Conv3 Conv4 Convs
(Output Size) (112x112) (56x56) (28x28) (14x14) (7x7)

Figure 4.4: ResNet-50 CNN architecture.

If we compare the error rate of resNet with other CNN as well as shallow method on the basis o
f imageNet classification, we can see that its error rate much less than other classifier. This is al
so one of the best side of resNet model.
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Figure 4.5: ImageNet Benchmark.

4.3 Classification

To classify an image, we have combined the patch result for the whole image. We have divid
ed the input images into because our model was trained on patches of images. So newly creat
ed patches were run through the model and the results were combined for the classification.
We have extracted grid patches which has a good balance between classification problem an
d computational problem. Run the model with the best weights and the patches outputs the b
est probable match of the classes. We have used the Sum rule to combine the patch results w

hich gives the best result in comparison to different fusion rules.

4.4 Developed Work
Following figures illustrates the different aspects of our developed work

e Converting Dataset into NPZ arrays
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We have used NumPy to convert images into NPZ arrays. By converting the images i
nto pixelated arrays reduces computation time significantly. Dataset directory is paste

d into the CMD and underling python script converts all the images in to NPZ arrays.

ft Windows [Version 10.0.17134.467]
ficrosoft Corporation. All rights reserved.

| 280/1456 [00:14<01:21, 14.37it/s]

Figure 4.6: Converting Images into NPZ Arrays

e Train ResNet-50
After converting the dataset into NPZ arrays we feed to the ResNet-
50. We first have to define some parameters -
the maximum number of training examples we want to sample from the image and th
e size of the patches sampled from our images. Next we need to define the directories
where the training data is located. We also need to specify the number of features (ce
Il edges and cell interior) that we have annotated. Next we need to get a list of all the file
s in the training directories and initialize some variables. ResNet-
50 trains on the test dataset and saves the best weights in the weight directory for eac
h iteration. While the model trains on large volume of data we need to save the model
state to avoid any interruption.
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Figure 4.7: Training ResNet-50

e Prediction and Plotting
After the training is done, we can use the saved model weights to predict human actio
n type from the unknown test dataset. Our model predicts the outcome and plot the be

st match probability into input unknown image.

EF C:\Windows\System32\cmd.exe — [m] x

ommon_runtim
ommon_runtim
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1/1 [@©:05<00:00,

Figure 4.8: Predicting the Human Action Class
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Figure 4.9: Plotted Model Outcome

CHAPTER 5
EXPERIMENTAL RESULT

5.1 Result Graphs

In our proposed method we have used CNN with ResNet-50 instead of hand-
crafted model. Hand crafted models give rise to unwanted complexity and might have inferio

r outcome than already existed benchmarked one.

Figure 5.1 shows the validation accuracy of the proposed agent.
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Figure 5.1: Validation accuracy of the agent

The validation loss of our proposed architecture can be determined by figure 5.2.

val_loss

0.000 10.00 20.00 30.00 40.00 50.00 60.00 70.00

Figure 5.2: Validation loss of the agent

The overall accuracy of our proposed work on ucf101 dataset using ResNet-
50 deep CNN over 60 epochs has been shown by figure 5.3.
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Figure 5.3: Overall accuracy of the agent

The gradual reduction of loss when agent predicts from epoch one through sixty shown in fig
ure 5.4.
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Figure 5.4: Gradual reduction of loss

At first the agent learns at a steady pace and has cost function of ex at the beginning of the le

arning. Cost function of the agent can be visualized from the figure 5.5.
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Figure 5.5: Cost function summery

The recognition rate of the agent is computed at the image level thus providing a means to es
timate solely the image classification accuracy of the CNN models. Let lall be the number of
action class images of the test set. If the system classifies correctly Iclsfy action images, then
the recognition rate at the image level is:

I
al_ 100

Image Recognition Rate =
clsfy

5.2 Comparison with Previous Work

Before our proposed work we examined some previous work which also use ucf101 dataset f

or their experiment.

Firstly, we discussed about Bag of Visual Words and Fusion (BoVW) method for human acti
on recognition and get an accuracy of 87.9%. Main problem of this method is the use of extr
a feature extraction method. The general idea of bag of visual words (BOVW) is to represent
an image as a set of features. Features consists of key points and descriptors. In this experim
ent, they use sapace time interest point (STIP) and Improve Dense Trajectories (iDTs) local f
eatures. For detecting features and extracting descriptor from each image in the dataset they

use SIFT feature extractor algorithms. This feature extraction algorithm which can lose a lot
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of spatial interaction between pixels, but CNN has automatic feature extractor. CNN include

multilayer processing, subsampling layer to give better performance using auto-encoder.

Secondly, we considered Multi-
View Super Vector (MVSV) method which use more four views and methods and combined

them to get an optimized result which result an accuracy of 83.5%.

And, finally, we discussed another deep CNN approach which is based on AlexNet and VGG
16 architecture and make an accuracy of 88.63% and 61.70% respectively. In these two archi
tectures when deeper networks starts converging, a degradation problem has been exposed: w
ith the network depth increasing, accuracy gets saturated and then degrades rapidly. Because
in these two architectures plain block has been used to make deeper layer by adding more lay
er with shallow layer. For this in worst scenario deeper model’s early layers can be replaced
with shallow network and the remaining layers can just act as an identity function (Input equ
al to output).

Plain Block Residual Block

< [ < L

< <

Y = f(x) Y =f(x) + x

Figure 5.6: Comparison between resNet and other CNN

For rewarding scenario, in the deeper network the additional layers better approximates the
mapping than its shallower counterpart and reduces the error by a significant margin.

In the worst case scenario, both the shallow network and deeper variant of it should give the

same accuracy. In the rewarding scenario case, the deeper model should give better accuracy
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than its shallower counterpart. But experiments with their present solvers reveal that deeper
models doesn’t perform well. So using deeper networks is degrading the performance of the
model but our approach tries to solve this problem using deep residual learning framework. |
nstead of learning a direct mapping of x -> y with a function H(x) (A few stacked non-
linear layers), this approach defines the residual function using F(x) = H(x)-

X, which can be reframed into H(x) = F(X) + X, where F(x) and x represents the stacked non-
linear layers and the identity function (input=output) respectively. According to residual hyp
othesis it is easy to optimize the residual mapping function F(x) than to optimize the original,
unreferenced mapping H(x).

Table 2. Comparison with Previous Work

Method Accuracy (%)
BovW 87.9
MVSV 83.5
OFS(VGG-16) 61.70
OFS (AlexNet) 88.63
Proposed ResNet-50 92.25
34
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

Video classification to recognize human action can be performed in various ways but questio
n is how it affect the overall performance. In our work, we at first used OpenCV to create fra
me image from every ten second video and got many frame image for one action class. After
that we trained our agent using ResNet-

50. Our work has shown that existing models particularly ResNet-

50 perform better than hand crafted models when classifying color images and object with di

verse image patterns.

In our work we have used sliding window mechanism, that allow to deal with the high-
resolution of textured images which can also perform as expected with low resolution images
without changing the whole architecture. Experimental results have shown that our proposed

method works better than exiting classifiers.
6.2 Future Work

Future Work can explore different CNN architecture to get better performance on this dataset
or can use this architecture to other more recent dataset such as Kinectic dataset with more t
han 400 action classes. Additionally, by exploring other pre-

trained models like Inception V3, GoogleNet etc would be a great option to get better accura

cy.
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