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Abstract
Classification of human actions from real-world video data is one of the most important topics in
computer vision and it has been an interesting and challenging research topic in recent decades.
It is commonly used in many applications such as video retrieval, video surveillance, human-
computer interaction, robotics, and health care. Therefore, robust, fast, and accurate action

recognition systems are highly demanded.

Deep learning techniques developed for action recognition from the image domain can be
extended to the video domain. Nonetheless, deep learning solutions for two-dimensional image
data cannot be directly applicable for the video domain because of the larger scale and temporal
nature of the video. Specifically, each frame involves spatial information, while the sequence of
frames carries temporal information. Therefore, this study focused on both spatial and temporal
features, aiming to improve the accuracy of human action recognition from videos by making

use of spatiotemporal information.

In this thesis, several deep learning architectures were proposed to model both spatial and
temporal components. Firstly, a novel deep neural network was developed for video classification
by combining Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs).
Secondly, an action template-based keyframe extraction method was proposed and temporal
clues between action regions were used to extract more informative keyframes. Thirdly, a novel
decision-level fusion rule was proposed to better combine spatial and temporal aspects of videos
in two-stream networks. Finally, an extensive investigation was conducted to find out how to
combine various information from feature and decision fusion to improve the video classification
performance in multi-stream neural networks. Extensive experiments were conducted using the
proposed methods and the results highlighted that using both spatial and temporal information is
required in video classification architectures and employing temporal information effectively in

multi-stream deep neural networks is crucial to improve video classification accuracy.
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Chapter 1

Introduction

Between 2012 and 2021, worldwide internet usage has grown from 30% of the global population
to 59.5 %IH Moreover, the expansion of easily available and powerful hardware, combined with
low-cost video editing software has allowed a greater range of people to contribute to video
content generation. These advancements have triggered significant interest in generation and
consumption of video contents online. For example, YouTube has one billion users, who produce
on average 500 hours of content per minute and consume more than one hundred million hours

of media content every single dayﬂ

However, this massive increase in the amount of video uploaded to the Internet has produced
serious challenges in video indexing, archiving, and retrieval systems. The primary focus of
the visual media research community is understanding human actions in videos on the social
networking platforms, which require the automatic prediction of video semantic content to
address these challenges. Due to humans’ limited ability to analyse these actions in real time,
a demand has emerged for intelligent systems capable of evaluating and recognising activities.
Video classification techniques have addressed the human action recognition problem using video
data and demonstrated the need for simple, fast, and robust systems. However, the classification
of such complicated video data remains a challenging task as the accuracy of recent action

recognition approaches are significantly below human performance on a per video basis.

Thttps://www.statista.com/forecasts/1 146844/internet-users-in-the-world
Zhttps://www.statista.com/statistics/259477/hours-of-video-uploaded-to-youtube-every-minute



2 Chapter 1. Introduction

This chapter presents the problem of action recognition from videos. The main applications of
action recognition are summarised in Section[I.1} and Section [I.2]introduces the problem of
action recognition. Section [1.3|lists the research objectives and this chapter is concluded with

the thesis overview in Section [[.4l

1.1 Motivation

Video classification systems have many potential applications. Action recognition is essential
for wide range of applications, such as video retrieval, video surveillance, human-computer

interaction, entertainment industry, robotics, and health care.

Video retrieval is the process of providing search options across video content archives, where
these options are generated as a result of an analysis of the content to obtain indexable data. The
exponential increase in the number of published videos result in a flood of unstructured video
content. Therefore, video retrieval has become one of the most popular and rapidly growing
research areas in the multimedia technology. With massive amounts of video data being posted to
the Internet every second and the growing popularity of watching videos and movies online, video
understanding and action recognition algorithms have become critical for retrieving relevant

content.

Video surveillance is the process of employing video cameras to monitor individuals and objects.
More and more people interact with surveillance equipment every day. Surveillance cameras
are utilised to analyse actions almost everywhere in our daily life such as terminals, airports,
stations, shopping centres, banks, offices, schools, public places, and roads. Video surveillance
footage is frequently analysed manually by a human to examine for example theft, violent
acts, harassment, and used in crime prevention. However, human operators are unable to

maintain those tasks with the massive number of cameras and long video streams (e.g. there
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are currently over 691000 security cameras in London and more than 5 million] in Great
Britain). Recent video surveillance systems are aimed at automatically tracking the individuals
or a crowd and recognising their activities, e.g. detecting suspicious and abnormal activities
and reporting to the authorities for immediate action. Therefore, there is a growing need for

action recognition systems in cities and towns to reduce the human effort and alert security teams.

Human-computer interaction is a field of computer science that explores how people and
computers interact. Nowadays, human-computer interaction with a personal computer is not
restricted to keyboard and mouse interaction occurring through a variety of sensory channels,
including facial, body, speech, and gesture expressions. Video cameras are also employed in
human-computer interaction and the entertainment sector, as they enable users to interact with
machines in a more natural manner. Natural engagement with the system is becoming crucial in
many human-computer interaction applications. As a result, the human-computer interaction
and entertainment industries require systems that can identify and recognise actions and gestures

in a video stream automatically.

Health monitoring and preventative care applications enable people to be detected and tracked
inside their own environment. Human action recognition is becoming more significant and often
utilised in medicine, particularly for the aim of monitoring the daily life activities of elderly
individuals. Action recognition systems can detect patients’ abnormal activities to identify
and intervene in possible physical or mental problems at an early stage. For example, one of
the most critical abnormal activities is falling which causes serious injury to elderly people.
In the literature, different action recognition systems have been proposed to monitor elderly
people, especially for fall detection [1}, 2, 3, 4]. Usually, these systems capture the continuous
movement of elderly people, automatically recognise their activities and detect any abnormality
as it happens, such as falling down, having a stroke or having respiration issues. Therefore,

action recognition applications are important for health care institutions.

3https://www.comparitech.com/vpn-privacy/the-worlds-most-surveilled-cities
“https://www.calipsa.io/blog/cctv-statistics-in-the-uk-your-questions-answered



4 Chapter 1. Introduction

1.2 Problem Statement

In this thesis, the problem of human action recognition from videos has been addressed. The
main goal is to automatically learn human activities from training videos and to recognise them

in previously unseen, unique, and real-world videos.

Many human activities have been explored in this study, including single-person activities like
walking, running, and boxing, to more complicated interactions like haircut, salsa spin, knitting,

horse race and other forms of human actions.

Deep learning approaches have been used successfully in action recognition problems. The
majority of the current methods treat videos by allocating a label for all video frames. Nonetheless,
considering all frames equally in the video will weaken the performance as some frames have
more distinctive information than the remaining frames which are irrelevant. Furthermore, the
motion information in video is important to be taken into account during classification as it
differs an action from others. In the existing approaches, visual features of videos are mainly
used to extend image-based deep learning approaches to video domain. If we make use of
motion information to extract more informative features for each action category, deep networks
can predict actions more accurately. Moreover, multi-stream neural networks combine various
features and decisions to make better prediction for video classification problems. However, how

to combine various information effectively from different level of fusion sources is still unclear.

This thesis aims to address the mentioned action recognition problems by introducing new
methods for keyframe extraction, feature extraction, information fusion and classification to

improve the accuracy of action recognition from videos.

1.3 Research Objectives

The objectives of this thesis are listed as follows:

* To review the state-of-the art approaches in video scene understanding and understand
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the possible limitations of the existing techniques and figure out the gaps for research
contributions.

* To develop a novel classification architecture for human action recognition using transfer
learning technique and compare the effectiveness of local or global features.

* To develop a novel keyframe extraction method considering the similarity between action
regions in consecutive frames.

* To extract and make use of spatial and temporal features for video classification.

* To improve video classification accuracy by developing new decision fusion methods in
order to make use of temporal information in two-stream neural networks.

* To investigate the effect of feature and decision fusion in multi-stream neural networks for

video classification.

1.4 Thesis Overview

This thesis is organised into seven chapters, beginning with this introduction chapter. The
remaining chapters of the thesis are as follows:
* Chapter 2)- Literature Review:
This chapter gives a brief summary of the literature on video scene understanding.
Video preprocessing and feature extraction methods are firstly presented. This chapter
provides a review of video classification methods and present an introduction to deep
learning architectures and learning algorithms. Following that, the most commonly used
information fusion approaches and datasets for video classification are reviewed. Finally,
current problems and challenges are highlighted.
* Chapter [3|- Combining Very Deep Convolutional Neural Networks and Recurrent Neural
Networks for Video Classification:
This chapter presents an investigation of how temporal information between frame
sequences can be used to improve the performance of video classification using RNNs.
Seven video classification network architectures using transfer learning are compared in
this chapter. The architectures use either global or local features extracted by VGG-16, a

very deep CNN pre-trained for image classification. Each network architecture for video
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classification was tested many times with different data splits, with the best architecture
being determined using an Independent-Samples T-test. The experimental results indicate
that the network architecture utilising pre-trained CNN and Convolutional Long Short-
Term Memory (ConvLSTM) for temporal information extraction can achieve the highest
accuracy in video classification. This chapter is a modified version of “Combining
Very Deep Convolutional Neural Networks and Recurrent Neural Networks for Video
Classification” [3]] published in Advances in Computational Intelligence, which is a part
of the Lecture Notes in Computer Science book series (volume 11507) and presented at
the 15™ International Work-Conference on Artificial Neural Networks (IWANN) in 2019.
Chapter [d] - Criteria and Methods for Keyframe Selection:

This chapter introduces a novel keyframe extraction method to improve the performance of
the video classification architectures. This method identifies the informative region of each
frame and selects keyframes based on their similarity. In this chapter, extensive experiments
using ConvLSTM-based video classifiers on the KTH and UCF-101 datasets have been
conducted. The experimental results are analysed using one-way Analysis of Variance
(ANOVA), which demonstrates the effectiveness of the proposed keyframe extraction
method in terms of significantly improving video classification accuracy. This chapter is a
modified version of “A Novel Keyframe Extraction Method for Video Classification Using
Deep Neural Networks” [6] published in Neural Computing and Applications as a journal
paper in 2021.

Chapter [5|- Extracting Motion Information and Decision Fusion for Video Classification:
This chapter describes a novel decision-level fusion technique for two-stream neural
networks. Asymmetrical multiplication is proposed for decision fusion, with the aim
of better combining spatial and temporal information for video classification. The
experimental results are evaluated using one-way ANOVA. They indicate that the proposed
asymmetrical multiplication method for decision fusion outperforms both the Mycin and
average methods significantly. This chapter is a modified version of “Simple Effective
Methods for Decision-Level Fusion in Two-Stream Convolutional Neural Networks for

Video Classification” [[] published in Intelligent Data Engineering and Automated
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Learning, which is a part of the Lecture Notes in Computer Science book series (volume
12489) and presented at the 21*' International Conference on Intelligent Data Engineering
and Automated Learning (IDEAL) in 2020.

* Chapter [6]- Combination of Feature and Decision Fusion for Video Classification:
This chapter investigates the effect of feature and decision-level fusion on the final
classification performance of multi-stream neural networks used for video classification. A
novel multi-level fusion approach is developed by combining feature and decision fusion
to make better prediction using spatial and temporal features. The experimental results
demonstrate that while it is required to combine spatial and temporal features, employing
temporal features as dominant representations in conjunction with two distinct spatial
features outperforms alternative combinations. Feature fusion involving RGB, HOG, and
optical flow features outperforms other architectures, and the proposed multi-level decision
fusion approach achieves comparable results to feature fusion with the advantage of lower
memory requirement and computational cost.

* Chapter[7)- Conclusion:
This chapter concludes the thesis. In addition to the summary of contributions of this
thesis, the limitations, and possible extensions of the proposed methods for future research

are presented in this chapter.



Chapter 2

Literature Review

2.1 Introduction

In the past decades, there has been arousing interest in web multimedia systems that can generate
and distribute massive amount of multimedia data. Data mining, particularly multimedia mining,
1s mainly applied to extract knowledge from the multimedia data [8,|9]. The main difficulty is to
deal with the unstructured complex multimedia data structure such as text, audio, image, and

video [10].

Video has become one of the most popular contents in recent years. Thus, video processing using
data mining techniques provides a significant potential for video content-based applications in
various areas such as entertainment, education, medicine, communication, and security. The
number of videos available has increased sharply both on television and the Internet. For example,
the total hours of video uploaded to YouTube every minutes has increased by around ten times
with 500 hours per minute between 2012 and 202 1 Therefore, this tremendous demand has
been a remarkable issue and brought serious problems along for video indexing, archiving,

retrieval in aforementioned application areas [11, [12].

In order to record people doing things, videos are used in social media, which are also used to

automatically predict the semantic meaning of what is in the video. Human action recognition in

Thttps://www.statista.com/statistics/259477/hours-of-video-uploaded-to-youtube-every-minute
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the real world is a highly demanded skill, which is why so many classification approaches have
focused on dealing with the human factor. Current action recognition algorithms fail to match

human performance, and accurately classifying complicated video contents is difficult.

In order to successfully solve problems with action recognition, deep learning techniques have
been developed. Most existing approaches label each video frame, but equal consideration of
all frames leads to an inefficient method as it confuses things with frames having more obvious
content and frames which do not have enough meaning. It is also essential to keep in mind that
video provides significant information for classification since the action distinction is the crucial
information in that context. The research in image-based deep learning has utilised visual aspects
of videos, but it has had difficulty applying the results to video content. Deep networks could
generate better predictions about future actions if they rely on motion information to pull out

relevant characteristics from each category.

In this chapter, the solutions towards scene understanding from video analysis are explored. A
critical analysis is conducted for the approaches utilised solving this problem. The structure
of this chapter is demonstrated in Fig[2.1] Firstly, video preprocessing and feature extraction
methods are introduced. Then, main video classification methods are reviewed. Deep learning
architectures and learning algorithms are presented. Afterwards, common information fusion
techniques and datasets used for video classification are summarised. Finally, the existing

problems and challenges are identified.

deo Deep Learning
Representation an Architectures & Information Fusion
-eature Extractior Learning Algorithms
Hand-crafted Feature Image-Based Video
Extraction Classification
Keyframe Extraction Deep Learning B?sed [ End-to-End Video —
Feature Extraction Classification

— KTH

Shot Detection Neural Networks Image Level

Weizmann

— UCF Sports
m Feature Level
HMDB-51

UCF-101

Recurrent Neural
Networks

Convolutional Neural

Netaaiks Decision Level

Youtube

Figure 2.1: The overview of literature review chapter
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2.2 Video Preprocessing

Preprocessing is a data mining technique that converts raw data to a format that machines can
understand. Real-world data is inherently incomplete and cannot be processed by a machine
learning model. This would result in certain errors, and thus preprocessing data is required
prior to feature extraction and classification. In this section, main preprocessing steps for video

classification are summarised.

2.2.1 Shot Detection

An important step in the automation of content-based video indexing and retrieval is the
recognition of video shot boundaries. Frames, shots, and scenes can be imagined as a hierarchy
of video as depicted in Fig.[2.2] Shot is a continuous streaming of motion in a series of video
frames. Shot can be defined as a continuous video sequence with only graphic elements as its
contents. The process of detecting shot boundaries is the detection of the transitions between

two consecutive shots [13]].

Scene 1 Scene 2

Frame 1

Shot N

1
Scene N
r

]
|

Frame 2

Figure 2.2: Hierarchical structure of a video

Numerous algorithms have been developed to identify video shot boundaries, the different
types of shot, and shot transition. There are mainly two types of techniques: content-based

and time-based. Temporal techniques include measuring the variations in video frames by time
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(14,15, 16], while content-based techniques focus on the content of each frame to find the shot
boundary [17,18]. Moreover, a few studies have been published that compare the various shot

detection algorithms [[19, 20, 21]].

2.2.2 Keyframe Extraction

Keyframe extraction starts with decomposition of the input video into temporal components
such as shots or scenes. There have been many ways to extract keyframes from all frames. The
basic approach is taking out the middle frame of each shot as a keyframe. One of the most
common ways is to compare the colour histograms of consecutive frames. To select keyframes
along the video, two subsequent frames’ histograms are calculated, and the difference between
them is compared with a threshold value identified by user. If the difference is greater than the
threshold value, the frame is selected as a keyframe. Another way is to use the image entropy.
After computing the entropy for each frame, the difference between two consecutive frames is
compared with a threshold value to select keyframes. Moreover, clustering methods are used
to extract keyframes. The idea behind it is that frames are grouped based on their low-level
features by using a clustering method like k-means. Then, the most similar frames with the
groups’ centres are selected. Furthermore, sequential search on video is employed. The idea
behind it is starting with a root, a random candidate of keyframe, and analysing the next frames
respectively until obtaining a frame with significantly different low-level features which is the

root of the next keyframe.

Wolf proposed a novel algorithm for selecting keyframes within shots from video [22]. This
algorithm employs optical flow computations to detect local minima of action in a single shot.
They measure the action in a shot by utilising optical flow analysis, and keyframes are selected at
the local minima of the action [22]]. Yan et al. introduced a two-stream CNN to detect keyframes
in human action videos. This network learns how the location of keyframes can be predicted
based on the features extracted by Linear Discriminant Analysis (LDA). The trained CNN can
predict the importance of keyframes [23]. In addition, there have been several attempts to solve

this problem by using clustering [24]], pooling [235]], and deep framework [26]].
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2.3 Video Representation and Feature Extraction

Recognising and classifying actions from video data has been extensively studied in the fields
of computer vision and image processing. One of the primary concerns of this task is the
development of an effective video representation. Generally, this problem can be expressed in

classification as a representation of a frameset via feature extraction techniques.

Feature extraction and classification are two different steps of video classification frameworks.
Feature extraction is applied in the early stage of classification to obtain input representation.

Then those representations are fed into a classifier to reach the final classification.

Feature extraction is one of the main processes in machine learning applications, which is based
on a collection of techniques used for obtaining information regarding input. In the concept
of video classification, features can be extracted from either independent frames or subsequent
frames. Feature extraction methods can be categorised into two approaches: hand-crafted feature

representation approach and deep learning-based feature representation approach.

2.3.1 Hand-crafted Feature Extraction

Scene understanding based on video and still image processing is one of the research topics
in computer vision. Video analysis deals with diverse approaches utilised to observe the
changes in the present scene of a particular video. Nowadays, video analysis is one of the
momentous areas of computer science. There have been several attempts to review the literature
on video scene understanding. The majority of the methods exploited in the reviewed works
put into practice hand-crafted features with classic machine learning pipelines for human action

recognition [27, 28, 29,130, 31]].

Earlier versions of the video classification problem used a combination of traditional hand-crafted
features and state-of-the-art machine learning methods to classify the videos. In the hand-crafted
approaches, the features are extracted using certain feature extractors, and those features are

used as inputs to the classifiers. However, in the deep learning-based representation approaches,
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both feature extraction and classification are conducted within the same framework and different

parts of the neural networks are used to complete both tasks.

Commonly used hand-crafted feature extraction methods include Histogram of Oriented Gradients
(HOG) [32], Histogram of Flow (HOF) [33]], Scale Invariant Feature Transform (SIFT) [34],
Speeded Up Robust Features (SURF) [35, 36], Spatiotemporal Interest Points (STIPs) [37],

Motion Boundary Histograms (MBH) [38]], and Fisher Vectors [39].

The HOG descriptor describes an object’s structure and shape by extracting the gradient and
orientation of the edges. It keeps track of the occurrences of gradient orientation in certain
regions of an image or frame. These orientations are determined using ’localised’ segments. This
means that the entire image is divided into smaller sections, and the gradients and orientation of
each region are determined. Finally, the HOG would create a distinct histogram for each of these
sections. Histograms are constructed utilising the gradients and orientations of the pixel values.
The HOG descriptor was firstly introduced by Dalal and Triggs [32]]. Klaser et al. [40] expanded
static image histogram of gradient features to the space-time dimension and presented 3D-HOG

features to describe activities.

The HOF and MBH descriptors are based on optical flow representations and describe a motion
on an image or frame. Gibson [41] pioneered the notion of optical flow. Laptev et al. [33]
proposed a method to aggregate optical flow responses and Dalal et al. [38]] proposed MBH by
calculating changes of optical flow. Wang et al. proposed a descriptor based on MBH which
is a video representation using dense trajectories and motion boundary descriptors [42]. A
comprehensive experiment using different descriptors was conducted on nine datasets. The MBH
descriptor outperformed other powerful descriptors and their approach outperformed the existing

state-of-the-art results on all datasets [43]].

The SIFT descriptor [34] detects, describes, and matches local features in images. SIFT extracts

and utilises a significantly larger number of features, reducing the impact of mistakes produced
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by these local changes in the average error of all feature matching errors. It is capable of robust
object identification even in the presence of clutter and partial occlusion, as the SIFT feature
descriptor is invariant to orientation and illumination, uniform scaling, changes, and partially
invariant to affine distortion [34]]. The SIFT descriptor has been extended to 2+1-dimensional
spatiotemporal data in the context of human activity recognition in video sequences [44, 45]].
The two-dimensional SIFT algorithm’s generation of local position-dependent histograms is
extended to three dimensions in order to express SIFT characteristics in a spatiotemporal domain.
ST-SIFT detector extends the SIFT detector spatially and temporally [46]. It is effective in
representing events in video because spatiotemporal interest points identified by the ST-SIFT
detector reflect both spatial and temporal texture information. The evaluations strongly suggest
that SIFT-based descriptors that are region-based are the most robust and distinctive, and thus the
best candidates for feature matching. SURF descriptor was later demonstrated to be comparable
to SIFT in terms of performance while being significantly faster [47]. According to other studies,

SIFT outperforms SURF when speed is not a factor [48, 49].

The SURF method was first published by Bay et al. after the SIFT descriptor [35]. The SURF
descriptor has been used to detect and recognise items, persons, and faces, as well as to rebuild
three-dimensional scenes, track objects, and extract points of interest. SURF detects interest
points by computing an integer approximation of the Hessian blob detector’s determinant, which
may be computed in three integer operations using a pre-computed integral image. Its feature

descriptor is the sum of the Haar wavelet responses in the region of the point of interest [35]].

The concept of spatial interest points has been extended in video recognition to include spatiotemporal
STIP [37]. Guo [S0] presented the ST- SIFT detector in order to address the issue of noise
intrusion in videos with complex scenes. Regarding sparse spatiotemporal features, Dollar et
al. [51] presented cuboid features derived from the cuboids of spatiotemporally windowed data
surrounding a feature point. STIP detectors have a number of limitations, including low temporal
efficiency, limited robustness to camera movement, light change, perspective occlusion, and

background clutter.
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In computer vision, a representation technique known as Bag of Words (BOW) has been used [52]].
The core principle of this approach is to depict image data as a normalised histogram referred
to as code words. During the learning process, visual words can be constructed by clustering
similar patches of an image that can be described by a common feature descriptor. As a result,
certain techniques will produce similar histograms for similar images. These can be incorporated
into the classification process. Numerous studies on action recognition have used BOW-based

methods, including [51} 153} 154} 55, 156].

Another commonly used technique for representing features is the Fisher vector descriptor,
which can be regarded as a global descriptor. This technique optimises the calibration of a
generative model in order to more accurately model the distribution of extracted local features.
The descriptor is constructed using the gradient of a sample’s likelihood with respect to the
distribution’s parameters. It is estimated using a training set and scaled by the Fisher information
matrix’s inverse square root. Perronnin and Dance [39] proposed first Fisher vector descriptor for
image classification. Fisher Kernel framework was introduced using advanced feature encoding in
images by Sanchez et al. [57]. Fisher vector, Vector of Locally Aggregated Descriptors (VLAD)
have advantages over BOW in local descriptor encoding methods [S7]. Fisher vector-based

techniques have been employed in many research for video classification such as [58,159, 160, 61]].

The traditional feature extraction methods requires both domain information and human effort
to extract human-engineered local features. However, deep learning methods do not require
human effort and domain knowledge. Before the prevalence of deep learning-based methods,
the focus had been on traditional feature engineering techniques to improve video classification
implementations. After the major breakthrough in the video representation by successfully
training classifiers, the focus was changed into deep feature extraction. Even after deep feature

representation, pre-trained networks were employed as feature extractors.
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2.3.2 Deep Learning Based Feature Extraction

Traditional feature extraction methods are usually time-consuming and requires feature engineering
and domain knowledge. However, the recent trend to extract robust feature representations
is applying deep learning to raw video data. Multiple levels of feature representations can
be learned to understand various types of data, including speech, image, and text. These
methods are capable of processing raw image and video data automatically for the purpose of
feature extraction, description, and classification. These methods for action recognition and

representation frequently make use of trainable filters and multi-layer models.

Section 2.5 describes several significant deep learning models that have been used to recognise
human actions. However, training a deep learning model from scratch with limited data is

extremely difficult. As a result, models are frequently restricted to appearance representation.

CNN is one of the popular deep learning architectures to extract deep features. CNNs involve
two main parts: they begin with a sequence of convolution and pooling layers, and they conclude
the classification with a densely connected classifier. Pre-trained networks have been used to
extract new features from different instances using their first part. In the case of convolution
networks, the convolutional part of the pre-trained network is included in the place of feature
extractor to obtain interesting features from new samples. Then, these features are fed into a
classifier on top of the output layer. Therefore, representations learned by convolutional part of
previously trained model on large datasets can be used without a need of domain knowledge.
The related works are found in the following references: [62, 63, 64, 65]. More related works

are reviewed and presented in the following section.

2.4 Video Classification

Video classification has become an important research area and gained a significant success in
recent years. There are several video classification approaches ranging from text-based [66, 671,

audio-based [68, 169] to visual-based. In this thesis, the visual-based approach is followed due
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to the rich information in visual context. Video classification algorithms can be categorised as

follows: image-based and end-to-end video classification.

2.4.1 Image-Based Video Classification

The success of CNNs in image understanding is transferred into video classification. The common
idea is to handle with a video as an accumulation of consecutive frames. For image analysis, a
variety of CNN architectures have been proposed and investigated. The feature representations for
those architectures can be extracted by using a feed-forward pass up to a specific fully-connected
layer with pre-trained deep models on ImageNet [70] such as AlexNet [71l], VGGNet [72],
GoogleNet [73], ResNet [74], and DenseNet [[/5)]. Then, these features are averaged to represent

video as input of a video classifier like Support Vector Machine [76, [77].

Deeper networks provide a more accurate approximation of the target and provide more accurate
feature representations with stronger discriminatory capacities [7/8]. Thus, the trend was
deepening the network for better image understanding. While deeper networks have better
discriminatory power, they require more data for training and more parameters to tune. Finding
a large, professionally labelled dataset remains a significant barrier for the research community,

limiting the creation of increasingly sophisticated neural networks.

Zha et al. [[79] utilised an image-trained CNN to extract features from different layers of deep
models. They showed that CNN features can gain satisfactory recognition performance in
video classification by using the motion information added via late fusion on the UCF-101.
However, the spatiotemporal features learnt could not capture movement information properly
in the single-stream networks. In a CNN architecture, the main issue is the way of combining
appearance and motion information together. Therefore, most of the researchers have focused on
using CNN to gather spatiotemporal information with end-to-end video classification rather than

image-based methods.
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2.4.2 End-to-End Video Classification

In recent years, as more powerful deep learning architectures have been developed, the trend for
video classification tasks has shifted away from hand-crafted approaches to fully automated deep
learning approaches. The capability of CNN to extract features from raw data has been a key

factor in the development of the end-to-end algorithms.

Two seminal works published in 2014 established deep learning as the foundation for video
classification. Karpathy et al. [80] and Simonyan and Zisserman [81] popularised single-stream
and two-stream networks in action recognition. Single-stream networks handle spatiotemporal
features together and essentially no temporal features in contrast to multi-stream networks.
Multi-stream networks process spatial and temporal information separately and the extracted

features from each stream are fused to reach final classification decision.

Karpathy et al. [80] investigated how temporal data can be fused using a single-stream 2D
CNN and they evaluated the proposed architectures in Fig. The architectures described
failed to significantly improve performance when a single frame is used. The disadvantage of
these models is that they do not adequately capture motion aspects. They claimed that local
motion information might not be very essential especially for dynamic dataset. Castro et al. [82];
however, highlighted the importance of motion information in video classification problems by

showing that the use of visual information is inadequate in motion-based categories.

The advantage of the single-stream technique is that it enables us to leverage transfer learning
from models trained on large-scale image datasets. Additionally, there is no need to preprocess
the images for optical flow in this architecture because the RGB image data is used directly. As

a result, single-stream networks are an attractive candidate for real-time processing.

Simonyan and Zisserman [81]] proposed the two-stream CNN that involves spatial and temporal
networks which are merged by late fusion as shown in Fig. A single video frame is fed

into a 2D CNN, while preprocessed multi-frame optical flow is fed into a different 2D CNN.
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Figure 2.3: Single-stream network architectures. Convolutional, normalisation, and pooling
layers are indicated by pink, green, and blue boxes, respectively [80].

Each stream generates a prediction, and their fusion determines the final class score. They also
contributed to train the temporal stream on multi-frame dense optical flow to recognise action
from movements while the spatial stream recognises actions on raw video frames. Their two-
stream model achieved better results on the UCF-101 and HMDB-51 than the models consisting

either spatial or temporal stream.

Spatial stream ConvNet

convi || conv2 || conv3 || conv4 || conv5 || fullé full7
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Temporal stream ConvNet
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Figure 2.4: Two-stream network architecture that processes spatial features and temporal features
separately [81]].

This development opened the door for additional study into deep learning applications to video
classification. This study demonstrated that CNNs are capable of effectively capturing some
motion features and combining them with spatial features to generate accurate predictions for

action classes. Following this work, the two-stream architecture has been extended in many
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works [83],184, 185, 186, 187, 188]].

Donahue et al. popularised the Long Short-Term Memory (LSTM) architecture for video with
an architecture known as LRCN [84]]. The LRCN is an extension of the encoder-decoder
architecture, but it is used for video representations. The LRCN network’s strength is that it can
handle sequences of varying durations. Additionally, it can be applied to other video-related
activities such as image captioning and video description. The LRCN’s limitation is that it is
unable to outperform the state-of-the-art at the time, but it did make significant gains over single

frame designs.

Ji et al. demonstrated a 3D CNN model by extending a special 2D CNN for human action
recognition from movies [89]. They used the third dimension of CNN to extract motion
information between subsequent frames; therefore, this model has extracted multiple channels
having information from the input frames and merged information from whole channels as an

ultimate video feature representation.

Tran et al. proposed deep 3D CNNs as the new state-of-the-art in 2015 [54]]. They demonstrated
that the most successful method for learning spatiotemporal features is the 3D CNN using a
3x3x3 kernel. The 3D CNN network is initially learning spatial appearance, followed by salient
motion in the clip’s consecutive frames. They also showed that 3D CNNSs are more convenient

than 2D CNNss to learn spatiotemporal features.

Yao et al. [90] described a novel 3D CNN-RNN encoder-decoder which can capture both local
spatial and temporal information. With an attention mechanism within this framework, they

capture global context as well.

In 2016, the trend of video classification was back to two-stream networks. Feichtenhofer et
al. [88] addressed the issue of fusing spatial and temporal data across streams and generating

multi-level loss that could handle long-term temporal relationships. The authors proposed fusing
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the two streams at two points in the proposed architecture. This network outperformed state-of-
the-art improved dense trajectories (IDT) and 3D CNN techniques in terms of capturing motion
and spatial data in various subnetworks. While this method retains the limitations of the original
two-stream network, it performs better as a result of an upgraded architecture that better fits

real-world data.

In 2017, Zhu et al. [91] improved two-stream networks by inventing MotionNet, a hidden stream
that learns optical flow [8]. The researchers were able to avoid manually computing optical
flow using this end-to-end approach. This means that techniques based on two streams can
now be real-time, and that errors resulting from wrong predictions can also be propagated into
MotionNet for the purpose of optimising optical flow features. The researchers found that while
the two-stream CNNs having hidden stream perform similarly to non-hidden techniques, they
can now process up to 10 times more frames per second, enabling the two-stream method to be

used in real time.

Carreira and Zisserman compared two-stream architectures consisting of a combination of 3D
CNN models. Filters and pooling kernels from 2D CNNs are extended into 3D, giving them an
additional temporal dimension. This enables researchers to transfer effective 2D classification
frameworks to 3D. In their paper, two 3D networks are employed for two streams where
spatial stream includes stacked frames in time dimension rather than single frames. Pre-trained
two-stream network on ImageNet and Kinetics outperformed the other architectures. They
showed that the use of pre-trained 2D CNN helps to repeat the pre-trained weights in the next

dimension [92].

Significant breakthroughs in deep residual learning gained attention and have resulted in the

development of novel architectures such as 3D ResNet [93] and pseudo-residual 3D CNN [94]).

In 2018, He et al. [95] propounded a novel spatial-temporal network (StNet) which conducts not

only local but also global spatial-temporal modelling within movies. 2D convolution on images,
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whose number of channels is equal to 3 times the number of stacked frames, is applied in order
to figure out local spatial-temporal associations. As for global spatial-temporal association, they
have implemented 26 temporal convolution on the local spatial-temporal feature maps. The
novelty particularly lies in employing temporal Xception block which utilizes a discrete “channel-
wise and temporal-wise convolution over the feature sequence of video”. It was reported that

StNet outperformed several state-of-the-art networks on the Kinetics dataset [935]].

Choutas et al. [96] proposed a novel deep architecture by considering appearance and motion
features jointly (PoTion). They encoded human joint movement and aggregated the resulting
heatmaps temporally. PoTion outperformed other state-of-the-art pose representations in their
experimental evaluation. Additionally, it complements conventional appearance and motion
streams. They achieved state-of-the-art performance on the JHMDB, HMDB, and UCF101

datasets by combining PoTion and the current two-stream 13D method [92].

In 2019, Tran et al. [97] proposed the use of channel separated convolutional networks (CSNs)
for action recognition. The researchers built on the success of group convolution and depth-
wise convolution in the Xception and MobileNet models, respectively. By not being completely
connected, group convolutions introduce regularisation and require fewer calculations. Convolutions
on a depth-wise basis are an extreme instance of group convolutions in which the number of input
and output channels equals the number of groups. In their 3D convolutions, conventional CNN's
represent both channel interactions and local interactions (both spatial and spatiotemporal). The
researchers reduced the number of parameters in the network greatly and incorporated a robust
form of regularisation. The channel-separated blocks enable the network to learn both spatial

and spatiotemporal features at their own distinct layers.

Oiu et al. [98] proposed a novel two-stream framework for speeding the learning of spatial-
temporal representations via Local and Global Diffusion (LGD). Their network architecture
simultaneously learns local and global features via the usage of LGD blocks, where each block

updates both features by simulating the diffusions between these two representations. The
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LGD-3D two-stream network outperforms current architectures, demonstrating that splitting 3D

CNN into 2D spatial and 1D temporal CNN results in improved performance.

In 2020, Duan et al. [99] demonstrated Omnisource, a novel architecture for using online data
to train video classification models for improved recognition performance. For web-supervised
learning, this new methodology overcomes the limitations of data formats such as images,
short videos, and long untrimmed movies. OmniSource is more data-efficient in training, as
demonstrated by experiments, by leveraging data from different sources and formats. They
emphasized the importance of large-scale pre-training utilising extremely massive neural network

models.

Gowda et al. [100] concentrated on the SMART frame selection problem in video classification
in order to increase classification accuracy. When all frames from a movie are retrieved and
feature extraction is performed, the model and computations become very time demanding. As
a result, smart frame selection is conducted, which selects a constant number of frames from
each video and passes them forward to the LSTM model. They demonstrated that selecting
high-quality frames improves action detection ability even in the domain of trimmed videos. The
SMART method is now the state-of-the-art architecture in the literature, having been evaluated

on a variety of benchmark datasets (UCF101, HMDBS51, FCVID, and ActivityNet).

UCF-101 is a benchmark action recognition dataset that was published in 2012 [101]] by
researchers at the University of Central Florida; additional information about this dataset is
provided in Section 2.6. Due to the uncontrolled environment in the captured videos, this
dataset presents a challenge, but it is widely used by researchers working on video classification
problems. As a result, it is commonly used to compare the majority of the existing literature.
The existing literature utilising the UCF-101 is compared in Table [2.1 where the methods are
ordered ascendingly by performance. In addition, more research papers can be found in the

following review papers [31, 102} 103} [104]].
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Table 2.1: State-of-the-art methods on the UCF-101 dataset

Method Accuracy
2D CNN [80] 65.4%
ImageNet + SVM [54] 68.8%
Spatial stream network [81]] 72.6%
IDT BoW + SVM [54] 76.2%
LRCN [84] 82.9%
Temporal stream network [81]] 83.7%
LSTM composite model [86]] 84.3%
3D CNN + SVM [54] 85.2%
IDT Fisher vector [[105]] 87.9%
Two-stream network [81]] 88.0%
LSTM [85] 88.6%
3D CNN + IDT + SVM [54] 90.4%
Transformation CNN [[106]] 92.4%
Multi-stream multi-class [[107]] 92.6%
Key volume mining [26]] 92.7%
Convolutional two-stream [88]] 93.5%
Temporal segment network [108]  94.2%
Flow 13D [92]] 96.7%
S3D-G [109] 96.8%
D3D [[110] 97.0%
Hidden two-stream [91]] 97.1%
Multi-stream I3D [[111]] 97.2%
BubleNet [[112]] 97.62%
Two-stream 13D [92]] 98.0%
LGD-3D Two-stream [98]] 98.2%
PerfNet [[113] 98.6%
OmniSource [99]] 98.6%
SMART [100] 98.64%
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2.5 Deep Learning Architectures and Learning Algorithms

Deep learning is a technique that makes use of deep neural networks to perform complex
computations on big data. It is a subset of machine learning that is structured and operated
similarly to the human brain. Deep learning has exploded in popularity among scientists, and
its algorithms are frequently employed by sectors that deal with complicated problems. Each
deep learning method uses different kind of algorithms. This section explains the deep learning

algorithms and the key artificial neural networks that have been employed in this thesis.

2.5.1 Neural Networks

The first mathematical model for neural networks was developed, being inspired by the visual
perceptron structures of animals [[114], by McCulloh and Pitts in 1943 [115]]. Frank Rosenblatt
developed a “hypothetical nervous system called a perceptron which is a probabilistic model for

information storage and organization in the brain” in 1958 [116].

In 1959, Hubel and Wisel found two types of cells in the cat’s visual cortex: simple cells and
complex cells [114]]. Both cells fire in response to exact attributes of visual sensory inputs;
however, complex cells manifest more spatial invariance than simple cells. Their discovery gave
an inspiration to deep neural network architectures. The first multi-layer networks were trained by

group method of data handling which is originated in 1965 by Ivakhnenko and Lapa [117, [118]].

In 1975, Werbos’ backpropagation algorithm solved the exclusive-or problem, which was a key
initiator for the prevalent interest in neural networks [[119]. Training in backpropagation networks
is conducted in two steps: modelling of training data in the input layer and minimisation of total

error using gradient descent.

Gradient descent is a typical optimisation method to minimise a given function. In the concept
of neural network, it is applied to minimise a cost function such as sum of squared error, mean
squared error and cross-entropy so that weights of network are updated iteratively after each

epoch. The term used to control how much the weights of the network are adjusted is learning
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rate. Sum of squared error is presented in Equation where J is the cost of weight, d is the
target output and y is the actual output. The importance and tendency of the weight update is
calculated taking a step in the reverse direction of the cost gradient as in Equation [2.2] where w is
weight, a is learning rate, and J is error with respect to the weight. Weights are updated after

each epoch via the update rule in Equation [2.3 where w is the updated weight.

1
Jw) =5 2(di—yi)* @.1)
aJ
wi=w+Aw (2.3)

The learning rate, the most important hyper-parameter, affects the gradient descent depending on
its value. If it is very small, gradient descent might be slow whereas if it is very large, gradient
descent might overshoot the minimum and fail to converge to local minima. The effectiveness of

learning rates on cost function is depicted in Fig. 2.5
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Figure 2.5: Effect of learning rate to cost function [120]

The backpropagation algorithm makes training multi-layer networks efficient and feasible
because it allocates the error back up through the layers, by changing the weights at each

node as shown in Fig. 2.6] Moreover, backpropagation algorithm was efficiently employed to
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minimise cost functions by adapting weights [121].

Error back propagation
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Error Calculation
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Figure 2.6: Werbos’ backpropagation algorithm: error back propagation [119]]

In 1979, Fukushima proposed an artificial neural network named “neocognitron” which uses
local connections between neurons [122], based on which CNN was introduced, “where the
receptive field of a convolutional unit with given weight vector is shifted step by step across a

2-dimensional array of input values, such as the pixels of an image” [[122].

In the mid-1980s, Rumelhart and McCelland introduced a term ‘connectionism’ to demonstrate
neural processes [123]. The connectionism elucidates mental phenomenon by utilizing artificial
neural networks in cognitive science and indicates parallel distributed processing. The essential
model used in the neural network is connectionism although there have been various neural
network models. For example, a mental state can be demonstrated as an (N)-dimensional vector
of activation values on neural units in the concept of neural network. Memory is allocated by
changing the weights of the connections between these neural units. The connection weights are

generally represented as a NxN matrix.

In the 1990s, neural networks have been employed in several application ranging from speech
recognition [124] to driving a car [125]. In 1993, support vector machines have been extended

with the kernel trick and achieved satisfactory results in non-linear classification problems [126]].
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Afterwards, support vector machines and other simple methods outperformed neural networks [[127]]
in machine learning problems and many researchers abandoned neural networks due to the slow

speed of backpropagation with multi-layers and insufficient local optima in gradient.

Neural networks learn from observational data, solving problems on their own. Except for a
few specialised issues, researchers did not know how to train neural networks to outperform
more traditional approaches until 2006. In 2006, Hinton et al. [128] developed deep neural
networks named Deep Belief Networks. This launched the third wave of neural networks, which

popularised the terminology deep learning.

Deep learning algorithms have been improved, and currently deep neural networks and deep
learning produce exceptional performance on a wide variety of challenging issues in computer
vision, speech recognition, and natural language processing. They are currently being used

extensively by companies such as Google, Microsoft, and Facebook.

2.5.2 Recurrent Neural Networks

A RNN is a kind of artificial neural network that performs on sequential or time series data. This
type of neural networks are frequently used to solve ordinal or temporal challenges like natural
language processing [129]], handwriting recognition [130], speech recognition [[131], and image
captioning [[132], video classification. RNNs learn from training input and they are distinguished
by their memory, which allows them to modify the current input and output based on information
from previous inputs [133]. While typical deep neural networks presume that their inputs and

outputs are independent, RNNs’ outputs are dependent on the sequence’s prior elements.
In 1982, the first working example of RNNs was developed by Hopfield called Hopefield
network [134]] as a means of storing information and performing data storage and retrieval

functions.

In 1986, Rumelhart et al. published a manuscript in which backpropagation was reintroduced [1335]].
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They demonstrated empirically that this learning algorithm is capable of producing useful internal

representations and so is applicable to general neural network learning applications.

RNNSs compute gradients using a backpropagation through time algorithm [[136], which is
slightly different from regular backpropagation because it is optimised for sequence data. It
operates on the same principles as traditional backpropagation, in which the model trains itself by
calculating errors. These computations enable us to accurately alter and fit the model’s parameters.
Backpropagation through time algorithm is distinguished from the standard technique in that it
adds errors at each time step, whereas feedforward networks do not require summation because

they do not share parameters between layers.

Basic formula of RNN is presented in Equation [2.4{at a time step ¢ where x) and z(*) represents

input and output vectors through a series of hidden states h(*):

W) = oWl £ Wyh =) 4 b))

70 = softmax(th(t) +b;) (2.4)
1
o(x) = 14+e*

where Wy, W, and W, are weight matrices and b, and b, are biases. Softmax refers to the softmax

function while o describes sigmoid function.

RNN is incapable of modelling long-range dependencies and cannot retain information about
previous inputs over a long time [137]. Moreover, two well-known issues exist in training
RNNs: the vanishing gradient problem refers to the exponential shrinking of the magnitude of
gradients as they are propagated back through time; and the exploding gradient problem refers to
the explosion of long-term components caused by the gradient’s norm increasing significantly
during training sequences with long-term dependencies. To address these challenges, researchers
developed models of LSTM [138]]. In this thesis, detailed experiments conducted using LSTM

and more details are presented in the research chapters.
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2.5.3 Convolutional Neural Networks

CNNs are similar to neural networks mentioned in the previous section. A CNN is comprised of
input, output, and hidden layers just as typical neural networks. Furthermore, the hidden layers
are comprised of multiple layers such as convolutional layers, pooling layers, fully connected
layers, and normalisation layers. The visualisation of regular neural network is presented in
Fig. CNN organises its neurons in three dimensions: width, height, and depth. Each layer
of a CNN employs the three dimensional input volumes to three dimensional output volume of
neuron activations. For instance given an image input, height and width are the same with the
input image’s width and height while the depth is the number of color channels such as 3 for red,

green, blue color channels.

Figure 2.7: A typical neural network consisting of three types of layers: input, hidden, and output
layers

A CNN is composed of multiple layers, each of which converts one volume of activations to
another using a differentiable function. The first layer of CNN is input layer which takes the
raw pixel values of input image or video frame. The second layer is convolutional layer which
computes the output of neurons connected to local district in the input. Each neuron employs a
dot product between its weights and a related region where it is connected to the input volume.
The dimension of the output computed by this convolutional layer will be the number of filters

for this layer. Then, activation layer applies an element-wise activation function such as sigmoid
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and Rectified Linear Unit (ReLU) to the output of convolutional layer. The results will have the
same dimensions as the activation does not shrink or expand the current dimension. Afterwards,
pooling layer is a subsampling operation by shrinking the spatial dimension of representation
depending on filter, stride, and padding sizes. There can be several connected blocks consisting
of convolutional layer and pooling layer. Finally, fully connection layers calculate the class

scores from each input to all classes. An example is demonstrated in Fig. [2.8]
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Figure 2.8: An example architecture of CNN consisting of different types of layers: input,
convolutional, pooling, fully connected and output layers.

As for the related works with CNNs, Le Cun et al. [139] firstly demonstrated the application of
backpropagation networks in image recognition problems. Inspired by Fukushima’s computational
model [122], they developed a CNN network called LeNet-5. Indeed, they used feature maps to
store local features rather than the use of feature detector. Without preprocessing and feature
engineering they proposed this network which is fed with normalized images, not with feature
vectors. For this purpose, a neuron having a local receptive field examines the input image,
and feature map layer stores its states in given locations. The capability of backpropagation
networks can be emphasised to tackle low-level information. LeNet-5 is trained to utilise
the backpropagation algorithm with 5 layers. As a result, LeNet-5 achieved state-of-the-art
performance on the handwritten digit recognition datasets [139]. Nevertheless, LeNet-5 did not
perform successfully on the more complex problems due to the fact that it was designed with

limited training data and computational power till the recent breakthrough in computer vision.

Hinton et al. made a breakthrough by introducing deep belief networks that were trained by
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using greedy layer-wise pre-training in 2006 [128]. These networks can be used with labelled,
unlabelled, and semi-labelled data. A deep belief network can enhance accuracy and prevent
overfitting when they are used with unlabelled data. This net can learn feature representations by
itself from the input data, which also decreases the effort of feature extraction required to extract
new and relevant features. Therefore, Hinton et al. proposed the use of deep belief networks as
feature detectors and classifier with labelled data [[128]]. After this research, many researchers

have developed more techniques to deal with the difficulties within CNN training phase.

In 2012, Krizhevsky, Sutskever and Hinton proposed a deep CNN, known as AlexNet, to classify
1.2 million high-resolution images in the ImageNet Large Scale Visual Recognition Challenge
2010 (ILSVRC2010) into thousand categories [71, 140]. The model trained with deep CNN5s
with 60 million parameters using an efficient GPU implementation succeeded by achieving
by the lowest error rate (17.0%) and outperformed the previous state-of-art methods on the
ILSVRC2010 dataset in 2012. The main components introduced in the AlexNet are ReLLUs and
dropout. ReLLUs make the training phase faster by replacing tanh units whilst dropout is proven

as a highly effective way to prevent overfitting.

Since 2012, there has been considerable rise in the number of computer vision achievements
based on CNNs. Due to the fact that training CNNSs is relatively easier and more successful
than traditional methods, implementation and understanding CNNs might be more attractive
to developers for computer vision such as object classification, object localization and face
recognition. Moreover, CNNs can automatically learn feature representations, which eliminates

the need for feature engineering.
After AlexNet was implemented in 2012 with the widening of the ILSVRC2012 dataset, the same
model further reduced the error rate (15.3%) [71]]. In contrast to LeNet-5, AlexNet outperformed

the previous classification models using more training data.

Simonyan and Zisserman investigated the depth of CNN and its effects on both accuracy and error
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rate [[72]. They proposed two VGGNet versions by using larger depth than AlexNet (8 layers):
VGGNet-16 having 16 layers and VGGNet-19 having 19 layers. Moreover, it has been proven
the ability of extracting more details from raw image inputs with very small convolution filters
(3 x 3). Thus, VGGNet made such a significant improvement that the previous configurations
can be achieved by pushing the depth to 16—19 weight layers. More networks can be found by

following references: GoogleNet [73]], ResNet [74], ResNet v2 [141]].

Schmidhuber reviewed historical developments of deep learning in neural networks from
1940 until 2013. In that study, many works were summarised under the following subtopics;
deep supervised learning, unsupervised learning, reinforcement learning and evolutionary
computation [142]]. Furthermore, the extended review on deep learning can be found in LeCun

et al. [143]].

2.6 Information Fusion

Information fusion is the combining process of information from the identical object or scene
to attain more complicated, predictable, and accurate information. In the concept of scene
understanding, information fusion is the way in which more relevant information from two or
more inputs are merged into a single one. The ultimate output gives more information than any
of the input sources. Information fusion is applied at multiple levels such as image, feature and
decision as shown in Fig.[2.9] In this section, those fusion levels are explained and the related

work from literature are presented.

2.6.1 Image Level

Image-level (low-level) fusion is achieved when different pixels from multiple sources are
combined. The purpose of image-level fusion is to create a single image which presents a more
informative description of the related scene than any of the images. These images to be associated

can be taken from multiple same types of sensors or different types of sensors. Therefore, this
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Figure 2.9: Three levels of information fusion for video classification

fusion type is also called as pixel-level multisensor fusion [[144]]. In computer vision area, image

fusion has become a commonly used method for image and video analysis.

Methods for image fusion can be generally divided into two categories: spatial domain fusion
and transform domain fusion [[145]. Spatial domain fusion approach employs local spatial
features by handling the pixel value of an image such as gradient, spatial frequency and
local standard deviation. Some well-known examples of spatial domain fusion are averaging,
Brovey method, Principal Component Analysis (PCA), Intensity-hue-saturation (IHS), high pass
filtering (HPF) [146]. On the contrary, transform domain fusion firstly computes the Cosine
transform and Fourier transform of the pixel value of the input image and conduct fusion on the
transformed image. Discrete Wavelet Transform , Stationary Wavelet Transform are commonly

used techniques for transform domain fusion .

Machine learning techniques have been widely employed in recent years to complete various
types of image fusion tasks, and have gained significant success in the image fusion area.
To fuse multi-focus images, Yang and Li [148] used the sparse representation technique, in
which image patches were represented by an overcomplete dictionary and associated sparse

coefficients, and the input images were associated by fusing the sparse coefficients of each pair
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or set of image pieces. Afterwards, further improvements in algorithmic performance and the
ability to fuse various types of images were found with a series of sparse representation-based

algorithms [149] [150].

Recent advances in deep learning techniques, particularly CNNs, have accelerated the progress of
image fusion [151]. CNN has firstly introduced into image fusion area by Liu et al. and achieved
the state-of-the-art multi-focus image fusion performance [152]]. Two CNNs have been employed
to combine spatiotemporal satellite images and extract salient image features on remote sensing
data [[153]]. In this study, Song et al. proposed one CNN to learn a nonlinear mapping between
MODIS and low spatial resolution Landsat images and super resolution between low spatial
resolution Landsat and original Landsat images [[153]. They also proposed a fusion model
including high-pass modulation and a weighting technique to recreate the fused image from
the extracted features and the proposed method achieved better fusion performance on both
MODIS and Landsat datasets. Zhang et al. proposed a CNN-based image fusion framework as
IFCNN [154]]. They used two convolutional layers to capture important image features of various
input images. An appropriate fusion rule is then used to combine the convolutional features of
the various input images, depending on the type of input images (elementwise-max, elementwise-
min, or elementwise-mean). Two convolutional layers reconstruct the merged features to create
the final fusion image. IFCNN achieved better prediction results when compared to the state-
of-the-art image fusion techniques over four types of image datasets including multi-focus
image datasets, infrared and visual image dataset, multi-modal medical image dataset, and

multi-exposure image dataset [154].

A detailed survey and review of the state-of-the-art image fusion studies which employ deep
learning are also presented by Zhang et al. [[155]]. Deep learning-based approaches can achieve
better performance than traditional fusion methods with the robust feature extraction and fitting

capabilities of neural networks [[155]].
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2.6.2 Feature Level

Feature-level (middle-level) fusion combines features extracted from different input images.
Numerous feature extraction techniques are used in computer vision applications, most notably
video classification. However, it is impossible for a single feature category to include sufficient
information on all the dynamics involved in actions. The feature-level fusion process extracts
correlated features from the various modalities and thus identifies a prominent set of features
capable of improving recognition accuracy. Therefore, feature fusion techniques have been
commonly applied in such applications. Although it is frequently accomplished through the use
of basic operations such as concatenation, product, and summation [[156, 157, [158]], this may not

be the optimal method.

Because eliciting a feature set often needs dimensionality reduction techniques, feature-level
fusion presupposes the availability of a substantial amount of training data. Recent research on
feature fusion has concentrated on deep neural networks due to the rapid improvement of deep

learning and the availability of big datasets in image and video domain.

Karpathy et al. [80] looked towards fusing time information along the video and focused on
early, late, and slow fusion. First, pixel-level temporal information was accessible by extending
first layer time filters over the video (early fusion). Second, two single-frame networks’ outputs
are joined later in the first completely connected layer (late fusion). Furthermore, deep layers
can collect more global information in both spatial and temporal dimensions (slow fusion). They
tested their models on a variety of datasets. On all datasets, the slow fusion model outperformed
alternative implementations. Thus, they demonstrated the network’s ability to learn appealing
motion properties. They discovered that slow fusion outperforms early and late fusion models

and that features can be transferred to other classification problems via transfer learning [80].

To enhance recognition accuracy, Qin et al. [159] introduced a new feature fusion approach
based on a combination of classical descriptors and 3D CNN. This model extracts numerous

spatial-temporal features using a variety of classical descriptors and then fuses them with learned
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features from a 3D CNN to create a specific fusion feature for classification. Wang et al. [[160]
proposed Loss Switching Fusion Network to combine spatiotemporal descriptors to improve the

video classification performance.

Tianyu et al. [161] classified movies using frame-level features; their solution utilises video
classification architecture to generate video-level features from a collection of frames and then
temporally fuse these features to learn long-term spatiotemporal information for the movie genre

classification problem.

Hu et al. [[162] proposed 3D CNNs with multi-layer-pooling selection fusion for video classification,
where the integrated deep global feature is combined with information from shallow layer of
local feature extraction networks, and then cascaded and used for classification. The suggested

3D CNNs with multi-layer pooling selection fusion performed better in classification.

Recently, attention mechanism [163]] has been utilised for various studies in computer vision,
especially in visual data analysis such as image and video classification [[164, 165, [166]. It
has been used recently for feature fusion and achieved comparative results to the existing

state-of-the-art methods [[167, [168]].

2.6.3 Decision Level

Decision-level (high-level) fusion combines multi decisions made by different classifiers. It is
a type of high-level information fusion. In comparison to low-level and middle-level fusion,
high-level fusion is more precise, supports real-time, and also overcomes the limitations of single

sensor imaging.

Decision-level fusion algorithms includes voting, Bayesian inference, evidence theory, fuzzy
integral, and other operational methods [[169]. Related works for decision fusion are presented in

Chapter 5]
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2.7 Datasets

The dataset being utilised is one of the most crucial parts of any deep learning project. In this
section, publicly known human activity recognition datasets are described. Since recently created

datasets have been shown to be commonly used for testing, the primary focus is on these datasets.

271 KTH

This dataset was introduced by the Royal Institute of Technology in 2004 [170]. The KTH
dataset consists of six different human actions performed by 25 actors in four different outdoor
conditions. The action categories in the dataset are walking, jogging, running, boxing, hand
waving and hand clapping, and an example frame from each category is presented in Fig. [2.10}

The highest accuracy recorded on this dataset is 98.2% [171]].

Walking Jogging Running Boxing Hand waving Hand clapping

Figure 2.10: The KTH dataset action examples

2.7.2 Weizmann

This dataset was collected and released by the Weizmann Institute of Science in 2005 [172]. The
dataset includes 90 video sequences where nine different actors perform basic actions such as

running, walking, skipping, jumping, waving hands, and bending. There were many researches
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using this dataset and a few approaches achieved 100% accuracy on this dataset [173, 175,
176].

2.7.3 UCF Sports

This dataset was introduced by the Centre for Research in Computer Vision at University of
Central Florida in 2008 [177, . The UCF Sports dataset contains 150 videos from ten action
categories as listed in Fig.[2.T1] The state-of-the art performance on this dataset was achieved

by with 95% accuracy.

' Riding Horse

Swing-Side Walking

Figure 2.11: The categories of the UCF Sports dataset

2.7.4 HMDB-51

The HMDB-51 dataset was introduced by Serre Lab at Brown University in 2011 [179]], which
was compiled from a variety of sources, primarily films, but also from public databases such as
the Prelinger archive, YouTube, and Google videos. The dataset contains 6849 clips grouped
in 51 activity categories, each of which contains at least 101 clips. The highest classification
accuracy announced on this dataset is 87.56% by Wang and Koniusz [180] using object and

saliency descriptors with three levels of weighted mean pooling.

2.7.5 UCF-101

The UCF-101 action recognition dataset [101]] was generated in 2012 at the University of Central

Florida’s Center for Research in Computer Vision. It is one of the most popular benchmarking
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dataset. The collection contains 13320 clips representing 101 distinct classes with a frame size of
240 to 360 pixels. The UCF-101 contains clips with a fixed frame rate of 25 frames per second.
The categories of the dataset are illustrated in Fig. [2.12] and more details about the dataset are
presented in research chapters (Chapter [3| 4] [5| and [6)). The state-of-the art performances are

achieved with 98.64% by Gowda et al. and 98.6% by Duan et al. [99] and Li et al. .
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Figure 2.12: The categories of the UCF dataset [101]]
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2.7.6 YouTube

The YouTube action dataset was introduced by Liu et al. [181] in 2009. It covers 11 activity
categories, including basketball shooting, biking/cycling, diving, golf swinging, horseback
riding, soccer juggling, swinging, tennis swinging, trampoline leaping, volleyball spiking, and
dog walking. Due to the wide range of camera movements, object appearance and posture,
object scale, viewpoint, cluttered background, and illumination conditions, this dataset presents
significant challenges. Each category’s videos are divided into 25 groups, each of which contains
at least four action segments. The video clips in a collection may share certain common
characteristics, such as the same performer, a similar background, or a similar perspective. Khan
et al [182] has recently achieved 100% accuracy on this dataset using fusion of hand-crafted

features with CNN.

2.7.7 Choice of Datasets

In this thesis, the KTH and UCF-101 datasets were utilised, which are commonly used for
video classification studies and facilitate benchmarking algorithms. The KTH dataset was used
for initial experiments as it is considered a small-sized dataset with six action categories. The
experiments were repeated on the UCF-101 dataset which gives the largest diversity in terms of

actions with 101categories.

The major advantage of using these datasets is that validating results on two datasets contributed
to obtaining more convincing results. Another advantage is that both datasets are publicly
available and contain various human actions. However, the main disadvantages of these datasets
are the KTH has a limited number of categories with few videos and the UCF-101 is a challenging
dataset due to the variety of variables involved such as background changes, camera motion,
different lighting, and pose. When considering that deep neural networks require a large volume
of training data and various datasets to achieve better prediction performance, the KTH and
UCF-101 datasets were chosen as they provided adequate video data to conduct the experiments

in this thesis.
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2.8 Open Problems and Research Questions

Previous studies on human action recognition through video classification have identified a
number of significant problems. Fundamentally, developing an accurate and reliable action
recognition system is difficult due to the variety of variables involved in real-world video data,

such as background changes, camera motion, different lighting, and pose [[183,184]].

Deep neural networks require large amount of data to obtain promising results [[185]. In the
context of video classification, the volume of data causes the main difficulty. The volume of
data increases the model complexity and reduce the performance due to the existing redundant

information within the movies [23]].

The trend is using larger networks to get better classification performance. However, the number
of parameters in such networks is getting larger. Thus, the optimisation of network architectures
is a challenging issue. Moreover, when training a network for a specific domain, it may not

perform well in another domain [186].

Most of the existing video classification techniques are extended from image-based classification
techniques [80]. Video data naturally involves time information and using this effectively can
improve the video classification performance [[187]. In the literature, there are a lot of works
conducted to get benefit from time information, but this is still a challenging problem [72,
81,1188, [189]. Most of the recent works use the 3D CNN to get benefit from video temporal
information [54, 162,190, [191]], however, it has a high computational cost and excessive memory

usage.

Video data contains numerous frames and most current deep learning systems treat videos by
labelling each frame. Nonetheless, treating all video frames identically affects efficiency since
some frames have more distinct information than others [23]]. Finding keyframes improves
classification performance and this is needed to be applicable for the existing systems [192].

Existing keyframe extraction methods consider the similarity between consecutive frames to find
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frame differences, however, major changes between consecutive frames due to uncertain factors
such as camera movements, lighting changes, etc. can highly affect the performance of those

methods.

Video classification architectures in the literature focus on both appearance and temporal
representations to get better classification decision and apply different level of fusion methods.
However, combining spatial and temporal features extracted from video input is still challenging
problem because of the modality in the video domain [81} 188}, 193} [194]. The disadvantage of
these architecture is that it cannot be trained end-to-end since optical flow must be computed
separately and both streams must be trained independently. While the spatial stream may be
trained on large image datasets, the temporal stream requires training on a video dataset. As a
result, transfer learning is inapplicable to this design entirely. Additionally, the preprocessing

necessary to compute optical flow makes real-time capabilities of this technique challenging.

Training a network requires huge amount of data; therefore, the machine should be equipped
with sufficient power. Nowadays, the deep learning solutions for real-world problems require
larger memories and multi-core high performing GPUs [1935]]. The cost of these units and the

energy consumption are still problems.

The primary goal of this research is to develop a video classification system that is capable
of capturing and recognising human actions in real-world videos through the use of novel
techniques involving deep learning, computer vision, and various levels of information fusion.

More precisely, it seeks solutions to the following research questions:

1. How to effectively extend deep neural networks for image classification to video classification?

(Chapter 3} Combining Very Deep Convolutional Neural Networks and Recurrent Neural
Networks for Video Classification)

2. How to select discriminative frames for video classification? (Chapter{d| Criteria and
Methods for Keyframe Selection)

3. How to extract and make use of motion information for video classification? (Chapter 5
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Extracting Motion Information and Decision Fusion for Video Classification)
4. How to combine spatial and temporal features along with different decision for video

classification? (Chapter [6f Combination of Feature and Decision Fusion for Video

Classification)



Chapter 3

Combining Very Deep Convolutional
Neural Networks and Recurrent Neural

Networks for Video Classification

CNNs have been demonstrated to be able to produce the best performance in image classification
problems. RNNs have been utilised to make use of temporal information for time series
classification. The main goal of this study is to examine how temporal information between
frame sequences can be used to improve the performance of video classification using RNNs.
Using transfer learning, this work presents a comparative study of seven video classification
network architectures, which utilise either global or local features extracted by VGG-16, a very
deep CNN pre-trained for image classification. Hold-out validation has been used to optimise
the ratio of dropout and the number of units in the fully-connected layers in the proposed
architectures. Each network architecture for video classification has been executed a number
of times using different data splits, with the best architecture identified using the Independent-
Samples T-test. Experimental results show that the network architecture using local features
extracted by the pre-trained CNN and ConvLSTM for making use of temporal information can

achieve the best accuracy in video classification.
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3.1 Introduction

In recent years, the number of published videos has exponentially increased due to wider access
to the Internet and more accessible hardware. Analysing the content of videos is essential for both
users and suppliers. Users want to know what type of movies they watch and to reach the videos
which are related to their interests. Similarly, suppliers are required to manage advertisements
and content to suggest interest-based videos to users. For these purposes, video classification has

become an important research area in recent years.

However, the classification of high-dimensional data is a challenging task. Action recognition
from videos is a highly active research area with state-of-the-art systems still being far from

human performance.

CNN has been demonstrated as a powerful architecture for image classification achieving
state-of-the-art results in recent years. The performance of CNN in action recognition from
videos is not as satisfied as those achieved in image-based tasks such as detection [196], pattern
recognition [197]], segmentation [198]] and classification [71} [72]. While deep networks have
been shown to be remarkably effective in the mentioned image processing tasks, it is still unclear

how to properly extend these methods to the video domain.

Both the extension of CNNs to video classification and the use of RNNs to understand video
content have achieved relatively outstanding results [84, [199]. However, video classification
remains a challenging problem because of the temporal information which can be used to achieve
better performance. Thus, motivated by these results, in this study seven different network
architectures are proposed to classify human actions from videos using RNNs on top of either
local or global features extracted by the CNN architecture called VGG-16 that was pre-trained
on the ImageNet dataset. Experiments are conducted to explore appropriate approaches to using
temporal information by RNNs and find out whether local or global features extracted by the

pre-trained CNN can achieve better video classification performance.
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The rest of the chapter is organised as follows: Related work is reviewed in Section [3.2| and the
proposed methods are described in Section Experiments are explained in Section [3.4} and

results are reported in Section [3.5] followed by conclusion in Section [3.6]

3.2 Related Work

There are several approaches to video classification, ranging from text-based [68]], audio-
based [200] to visual-based. In this study, the visual-based approach is followed due to the rich

information in a visual context.

Traditional feature extraction methods are usually time-consuming and require feature engineering
and domain knowledge. The recent trend to extract robust feature representations is applying deep
learning to the raw image or video data. CNNs involve two main parts: a sequence of convolution
and pooling layers for feature extraction and densely connected layers for classification. Pre-
trained networks have been used to extract new features from different instances using their first
part. In the case of convolutional networks, the convolutional part of the pre-trained network is
included in the place of the feature extractor to obtain interesting features from new samples.
Therefore, representations learned by the convolutional part of the previously trained model on

large datasets can be used without domain knowledge [71,[72].

The great success in learning robust feature representations with CNN from raw images has
encouraged the use of deep features for video classification. The common idea is to handle a
video as an accumulation of consecutive frames. The feature representations could be extracted
using a feed-forward pass up to a specific fully-connected layer with pre-trained deep models on
the ImageNet [70] such as AlexNet [[71], VGGNet [[/2], GoogleNet [73], and ResNet [74]. Then,
these features can be fused as representations at the video level as the input of a classifier for

video classification.

In a CNN architecture for video classification, the main issue is the way of combining appearance

and motion information. The existing architectures can be categorised into two approaches:
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single-stream and two-stream networks.

Single-stream networks handle spatiotemporal features together in contrast to two-stream
networks. Karpathy et al. conducted an empirical evaluation of CNNs considering the methods to
fuse local temporal information from frame sequences [80]. Their network, which benefits from
integrating spatiotemporal information, made significant improvements in classification accuracy
in contrast to traditional feature-based baseline methods (55.3% to 63.9%). They showed the
capability of CNNs in learning features from video data. They suggested that local motion
information might not be very essential especially for the dynamic datasets. However, Castro et
al. [82] highlighted the importance of motion information in video classification challenge by

showing that the use of visual information only is inadequate in motion-based action recognition.

Zha et al. utilised an image-trained CNN to extract features from different layers of deep
models [[79]. They showed that CNN features can gain satisfactory recognition performance
in video classification by using the motion information added via late fusion on the UCF-101
dataset. However, the spatiotemporal features learnt could not capture movement information

properly in single-stream networks.

Two-stream networks tackle with spatial and temporal information in separate networks. Simonyan
and Zisserman proposed a two-stream CNN which involves spatial and temporal streams merged
by fusion [81]. They used the temporal stream on multi-frame dense optical flow to recognise
actions from movements while the spatial stream to recognise actions on raw video frames.
Their two-stream model achieved better results on the UCF-101 and HMDB-51 datasets than
the models consisting of either spatial or temporal stream only [81]. Following this work, the

two-stream architecture has been extended in other studies.

Tran et al. proposed a deep 3D CNN as a feature extractor by using a sequence of RGB frames.
The deconvolutional layer is used to interpret model decisions in their study. They also showed

that 3D CNNs are more convenient than 2D CNNss to learn spatiotemporal features [54].
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Yao et al. proposed a novel 3D CNN-RNN encoder-decoder which can capture both local spatial
and temporal information. With an attention mechanism within this framework, they capture

global context as well [90].

Feichtenhofer et al. introduced a novel two-stream network fusion architecture. Two streams are

fused after the convolution layer, and the output is fused for spatiotemporal loss evaluation [88]].

Carreira and Zisserman compared two-stream architectures consisting of a combination of 3D
models. Two 3D networks are employed for two streams. The spatial stream includes frames
stacked in time dimension rather than single frames. The pre-trained two-stream network on

ImageNet and Kinetics datasets outperformed the existing models [92].

3.3 Methods

In this section, the proposed architectures of the networks are described for action recognition in

detail. The methods for preprocessing and feature extraction are also described.

3.3.1 Preprocessing

To capture the temporal information between the consecutive frames, the combination of multiple
techniques were used. The primary preprocessing was removing the very similar consecutive
frames by extracting one frame per second. Secondly, the remaining frames were resized using

an interpolation technique from the original image frame size of 320x240 to 240x240.

3.3.2 Feature Extraction

The VGG-16 was trained on 1000 images per each of 1000 categories in 2014 ILSVRC using a
subset of ImageNet dataset by Simonyan and Zisserman [72]. It consists of 16 convolutional
layers with quite small convolution filters (3x3). It has been shown that the learnt representations

can be generalised to other datasets; therefore, the pre-trained VGG-16 was used as a feature
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extractor for video classification. VGG-16 can be used to extract both local features employing

only the convolutional base and global features including the fully-connected layers, as well.

3.3.3 Different VGG-16 Based Architectures for Video Classification

Using transfer learning, in this study, seven video classification architectures are proposed as
shown in Fig. for action recognition using the UCF-101 dataset. Hold-out validation is used
to determine the dropout parameter, the number of units in both the fully-connected layers and
the LSTM, number of filters and kernel size in the ConvLSTM. The layers in the pre-trained
VGG-16 are fixed and used for feature extraction, and the newly added fully-connected layers

are trained using the UCF-101 training data for video classification.

As baseline models, VGG-16-VOTE (a) and VGG-16-VOTE (b) are built based on the general
approach which treats frames as single images. For each frame of a video, softmax produces a
score for each possible video class. VGG-16-VOTE determines the class of the video by voting
in terms of the maximum score among all the frames. The features extracted by the pre-trained
VGG-16 convolutional base are fed into the fully connected layer (FC-512) in VGG-16-VOTE (a).
To explore the effect of global features, VGG-16-VOTE (b) includes the fully-connected layers
of VGG-16.

LSTM is one of the most common approaches for sequence modelling, which has been
demonstrated as a robust method for representing long-range dependencies in the previous
studies [85] and [[138]. The main advantage of LSTM is having its memory cell ¢; which
accumulates the state information. The cell is modified by controlling the input gate i;and forget
gate f;. Once the cell is fed with new input, it accumulates input information provided that
the input gate is on. If the forget gate is activated, the previous cell information ¢;_; could be
forgotten. The output gate o; checks the current cell output ¢; to decide whether it is propagated to

the final state /; or not. In this study, the hidden layer function of LSTM is used as follows [201],
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VGG-16-VOTE (a)

VGG-16-VOTE (b)

VGG-16-LSTM (a)

VGG-16-LSTM (b)

VGG-16-BLSTM (a)

VGG-16-BLSTM (b)

VGG-16-ConvLSTM

Input Input Input Input Input Input Input
Pretrained Pretrained Pretrained Prefrained Prefrained Prefrained Pretrained
VGG-16 VGG-16 VGG-16 VGG-16 VGG-16 VGG-16 VGG-1_5
Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional
Base Base Base Base Base Base Base
Pretrained VGG-16 Pretrained VGG-16 Pretrained VGG-16
FC-512 FC Layers LSTM FC Layers BLSTM Rl ConvLSTM
FC-20 FC-512 FC-512 LSTM FC-512 BLSTM FC-512

Softmax FC-20 FC-20 FC-512 FC-20 FC-512 FC-20
Output Softmax Softmax EC20 Softmax FCa20 Softmax
Output
Output Output Softmax utpu Sofmas Output
Output Output

Figure 3.1: The architectures of networks used in the experiment VGG-16-VOTE(a) and VGG-
16-VOTE(b) are designed as baseline methods using the pre-trained VGG-16 by [72].

where ‘-’ denotes the Hadamard product:

iy = G(Wxixt +Whihi—1 +Weicr—1 + bi)

fi = G(foxt—Fthhtfl +Werer—1 +bf)

Cr = f; Cr—1 + it . tanh(ch.X[ + thhtfl + bc)

Oy = G(onxt +Wiohi—14+Weo ¢ + bo)

ht = Ot tanh(ct)

3.1

In VGG-16-LSTM (a) and VGG-16-LSTM (b), the extracted features from video frames are

fed into LSTM to access spatiotemporal information. The features for VGG-16-LSTM (a) are

local, extracted by the VGG-16 convolutional base, whilst those for VGG-16-LSTM (b) are

global, extracted by the VGG-16 fully-connected layers (See Fig.[3.1). The number of units in

the output space was set to 512 and ReLLU was used as an activation function.

As the second type of RNN used in this study, Bidirectional Long Short-Term Memory (BLSTM)
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was implemented over the features captured by the VGG-16. The core idea behind BLSTM is
connecting two hidden layers of both directions to the same output in order to access information
from both the previous and the next status together. Therefore, BLSTM supplies access to
long-range sequences in both input directions in contrast to LSTM. BLSTM was applied on top
of either local or global features. VGG-16-BLSTM (a) and VGG-16-BLSTM (b) are developed
as shown in Fig. 3.1} The parameters of VGG-16-BLSTM (a) and VGG-16-BLSTM (b) were
arranged the same as in VGG-16-LSTM (a) and VGG-16-LSTM (b).

An end-to-end trainable ConvLSTM was proposed “by extending the fully connected LSTM
to have convolutional structures in both the input-to-state and state-to-state transitions” for
precipitation nowcasting [202]. It was shown that the ConvLSTM extracted better spatiotemporal
correlations than the fully-connected LSTM for precipitation nowcasting [202]]. The formulation
of ConvLSTM is applied described as follows [202], where ‘®’ and ‘-> denote the convolution

operator and Hadamard product, respectively:

i =0(Wyi® 21+ Wi ® A1 +Wei- G+ bi)

fi=oWyp®@ Zi+Wyr®H_1 +Wep-Cio1 +by)

Cr = f;-Cr—1 +i; - tanh(Wye ® 27 + Wype ® 741 + b,) (3.2)
01 =0 (Weo ® Zi +Wyo ® I 1 +Weo - Cr + by)

= o, - tanh(C;)

Inspired by the mentioned study, the ConvLSTM is used to construct a new architecture for
video classification, VGG-16-ConvLSTM as shown in Fig. [3.1] by taking the advantage of its
capacity in capturing spatiotemporal information throughout time series. One ConvLSTM layer
was added on top of the spatial feature maps extracted by VGG-16 and used the hidden states for
video classification. The ConvLSTM layer has 64 hidden states and 7x7 kernels, and the stride

of convolution is set to 2 in this experiment.
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Figure 3.2: The distribution of categories in training and test splits
3.4 Experiments

In this section, the dataset, experiment design and experiment setup and evaluation are described.

3.4.1 Dataset

In this study, the UCF-101 dataset is used to evaluate the neural network architectures utilised
to classify human actions from video clips. The dataset contains 13320 clips from 101 non-
overlapping classes, with a frame size of 240 to 360 pixels. UCF-101 has defined 3 training-
testing splits, which facilitates benchmarking algorithms. It is one of the most popular action
recognition datasets and publicly available. Therefore, the UCF-101 dataset is employed in this
study. In the experiments, only the first twenty categories of the dataset were used (due to limited
time and computing facility), and the first training-testing split was followed to generate train and
testing data. Fig.[3.2] presents an overview of the distribution of categories in both training and
testing data. In addition, Fig. [3.3]shows some training and testing examples from the UCF-101

dataset.

In this experiment, the hold-out method was used to split training data into the following two
groups: 70% of training data for training and 30% of training data for validation. The testing
dataset was never used during training and validation, but only used for producing the testing

accuracy of each network architecture.
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Training Samples Testing Samples

Basketball

Figure 3.3: (a) Training samples on the left; (b) Testing samples on the right from the UCF-
101 Human Action Dataset. Samples are from three different categories: Apply Eye Makeup,
Archery, and Basketball.

3.4.2 Experiment Design

During the training process, parameter tuning was applied with the hold-out validation technique.
Specifically, if the training is finished with the first possible set of parameters, the next training
begins with the second set of possible parameters, and so on. When the validated training
is finished, the scores of both training and validation are averaged. The best parameters are
identified based on the validation scores. Then, the model with the best parameters is evaluated

on the testing data by predicting unseen test videos’ classes.

3.4.3 Experiment Setup

The proposed network architectures are implemented by using Tensorflow-gpu v1.12 on an
NVIDIA GTX Titan X GPU using the CUDA v9.0 toolkit. The batch size is set to 128, and the
cost is minimised by using the Stochastic Gradient Descent (SGD) optimiser. Dropout is used as
a regularisation method. The neurons are kept active with the probability p = 0.5 after the first

fully-connected layer.



3.5. Results and Discussion 55

Table 3.1: Average accuracy scores achieved by different architectures

Model Training Accuracy Validation Accuracy Testing Accuracy
VGG-16-ConvLSTM 99.24% 97.45% 82.04%
VGG-16-LSTM(a) 98.86% 97.91% 81.27%
VGG-16-BLSTM(a) 97.76% 95.19% 76.20%
VGG-16-VOTE(a) 78.71% 76.55% 73.20%
VGG-16-LSTM(b) 78.41% 79.47% 67.62%
VGG-16-VOTE(b) 73.70% 67.05% 64.04%
VGG-16-BLSTM(b) 89.17% 75.37% 61.18%

3.4.4 Evaluation

In this experiment, classification accuracy is used as a performance metric, which is the
percentage of correctly classified video instances. In the experiment, seven different video
classification architectures were compared based on their accuracy scores through a statistical
significance test. 14 training, validation, and testing accuracy scores were collected for each
architecture under the same conditions but different data splits for training, validation and testing.
In this context, the dependent variable is testing accuracy while the independent variable is
classification architecture. A significance level of 0.05 was considered during the analysis. The
distribution of performances was evaluated using the Shapiro-Wilk test, which shows that the
testing accuracy scores are normally distributed at the 0.05 level of significance. Moreover, T-test
was applied to compare pairs of network architectures in terms of testing accuracy and reported

t-scores and p-values in Section [3.5]

3.5 Results and Discussion

In this study, the first twenty categories of the UCF-101 data set have been used to obtain results.
Training and testing data were separated using the first part of the train/test splits enabling
benchmarking algorithms. The hold-out validation technique was applied to identify the optimal
values for the dropout parameter, the number of units in LSTM, the number of filters, strides,

and kernel size in ConvLSTM, and the number of units in dense layers.

Table [3.1|demonstrates the average of 14 results for each architecture. It is clear that VGG-16-
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Table 3.2: Independent-Samples T-Test results

Architecture Mean Std. t daf p
VGG-16-ConvLSTM 82.04%  0.01151 2.109 22.473 .046
VGG-16-LSTM(a) 81.27%  0.00757

VGG-16-ConvLSTM 82.04%  0.01151 7.070 17.076 .000
VGG-16-BLSTM(a) 76.20%  0.02871

VGG-16-ConvLSTM 82.04%  0.01151 9.196 15.929 .000
VGG-16-VOTE(a) 73.20%  0.03407

VGG-16-ConvLSTM 82.04%  0.01151 29.357 24.821 .000
VGG-16-LSTM(b) 67.60%  0.01436

VGG-16-ConvLSTM 82.04%  0.01151 50.232 21.222 .000
VGG-16-VOTE(b) 64.04%  0.00687

VGG-16-ConvLSTM 82.04%  0.01151 35.477 21.579 .000
VGG-16-BLSTM(b) 61.18%  0.01875

VGG-16-LSTM(a) 81.27%  0.00757 6.387 14.79 .000
VGG-16-BLSTM(a) 76.20%  0.02871

VGG-16-LSTM(a) 81.27%  0.00757 8.643 14.28 .000
VGG-16-VOTE(a) 73.20%  0.03407

VGG-16-LSTM(a) 81.27%  0.00757 31.492 19.704 .000
VGG-16-LSTM(b) 67.60%  0.01436

VGG-16-LSTM(a) 81.27%  0.00757 63.025 25.761 .000
VGG-16-VOTE(b) 64.04%  0.00687

VGG-16-LSTM(a) 81.27%  0.00757 37.164 17.127 .000
VGG-16-BLSTM(b) 61.18%  0.01875
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ConvLSTM outperformed the remaining architectures (82.04%). 1It is followed by VGG-16-
LSTM (a) (81.27%). VGG-16-BLSTM (a) was the third best architecture (76.20%). Interestingly,
the baseline method with local features, VGG-16-VOTE (a), achieved higher accuracy than the

architectures extracting global features.

Regarding the results on the testing dataset, the Independent-Samples T-test was employed for
possible pairs of the network architectures to identify whether the difference in their testing
accuracy is statistically different. Table [3.2] provides the results of the T-Test, where ¢, df and
p represent t-score, degree of freedom, and probabilistic significance, respectively. There is a

significant difference between all architectures at the 0.05 level of significance.

The best model is VGG-16-ConvLSTM, and the second-best model is VGG-16-LSTM (a)
without the fully-connected layers of the pre-trained VGG-16. The third-best architecture is
VGG-16-BLSTM (a) which performs well using local features captured by the VGG-16. These
results show that ConvLSTM plays an important role in improving the video classification
performance by making better use of temporal information between frames. They also show that
local features extracted by the pre-trained CNN are more effective than its global features for
video classification. Because the pre-trained CNN was constructed on a large number of training
images, it can overcome overfitting problems to some extent, especially when the local features

extracted by the pre-trained CNN are used for video classification, as indicated by the results in

Table 3.2

3.6 Conclusion

This study proposes seven network architectures for video classification by incorporating spatial
and temporal features extracted from the VGG-16, LSTM, BLSTM and ConvLSTM. First, the
baseline models were optimised, which are VGG-16-VOTE (a) and (b) with local and global
features, respectively. Then, ConvLSTM and LSTM were optimised to extract higher-level
features from frame sequences, based on the features extracted by the pre-trained CNN (VGG-16).

Experimental results show that combining pre-trained CNN with ConvLSTM achieved the highest
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performance among the seven network architectures for video classification, demonstrating the

importance of effective integration of spatiotemporal information in video classification.



Chapter 4

Criteria and Methods for Keyframe

Selection

CNNs and RNNs produce a powerful architecture for video classification problems as spatial-
temporal information can be processed simultaneously and effectively. Using transfer learning,
this study presents a comparative study to investigate how temporal information can be utilised
to improve the performance of video classification when CNNs and RNNs are combined in
various architectures. To enhance the performance of the identified architecture for an effective
combination of CNN and RNN, a novel action template-based keyframe extraction method is
proposed by identifying the informative region of each frame and selecting keyframes based on
the similarity between those regions. Extensive experiments on the KTH and UCF-101 datasets
with ConvLSTM-based video classifiers have been conducted. Experimental results are evaluated
using one-way ANOVA, which reveals the effectiveness of the proposed keyframe extraction

method in the sense that it can significantly improve video classification accuracy.

4.1 Introduction

Video has become more popular in many applications in recent years due to increased storage
capacity, more advanced network architectures, as well as easy access to digital cameras,

especially in mobile phones. According to recent statistics, more than 500 hours|'|of video are

Thttps://www.omnicoreagency.com/youtube-statistics

59



60 Chapter 4. Criteria and Methods for Keyframe Selection

uploaded onto the Internet every minute and the sharp rise in the number of videos is expected
to continue in the coming decades due to the increase in demand for video content. Therefore,
this increase is a remarkable issue and brings serious challenges for video indexing, archiving,
and retrieval systems. The main subject of videos on social networking websites is human
actions. Automatic classification of their semantic content is essential for the appropriate use and
management of these videos. However, the classification of video content remains a challenging

task owing to the complexity of video data.

Action recognition problems have been addressed using deep learning approaches in both
image and video domains. CNNs have achieved state-of-the-art results in the recent decade.
CNN applications to video-based tasks are not so successful as those in image domains, e.g.,
classification [71.[72], object detection [196]], pattern recognition [[197], and segmentation [198]].
Therefore, the power of RNNs in sequence learning has been employed to gather temporal
information for improving video classification performance. Although combining CNNs and
RNNSs has achieved satisfactory results [[84,199], the representation of temporal information
is still a demanding problem due to complex variations in actions and dynamic background in

videos.

The performance of action recognition has been improved remarkably by transfer learning and
use of extra training data. Extensive video datasets such as HMDBS51 [179], UCF-101 [101],
Sports-1M [80], and Youtube-8M [203] have been published and the state-of-the-art results

have recently been reported on these benchmarking datasets [92, 98,99, 191, 204].

The majority of the current video classification methods classify videos by assigning a label to
each frame. Nonetheless, considering all frames equally weakens the classification performance
as some frames have more distinctive information than others. It is argued that selecting
keyframes for better classification performance is essential. Thus, this study proposes a novel
keyframe extraction method by identifying an action template to preserve the succinct content,

in which the entire video is represented in a set of keyframes. The main novelty of this work is
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the proposed keyframe extraction algorithm that employs an action template for each video to
extract and select the most distinctive frames with both static and dynamic backgrounds, without

the need of using complex procedures.

The main contributions of this work are the identification of the best architecture for combining
CNNs and RNNs for video classification and the proposal of the action template-based keyframe
extraction, which aims to extract more informative frames by calculating the similarity only
between action regions, rather than whole frames. The former was partly presented in [S]], which
has been substantially extended and serves as a baseline to test the newly proposed method. In
this study, extensive experiments have shown that the action template-based keyframe extraction
method significantly outperformed the frame selection methods used in the experiments for

comparison purposes.

The rest of the chapter is organised as follows: related work is reviewed in Section4.2]and the
proposed keyframe extraction method is described in Section 4.3l Experiments conducted are

detailed in Section 4.4} while the results are analysed and summarised in Section4.5] Conclusions

are given in Section 4.6]

4.2 Related Work

Keyframe extraction approaches can be generally categorised into six groups: uniform sampling-
based, shot boundary-based, shot activity-based, visual content-based, motion analysis-based,
and clustering-based. Although uniform sampling-based methods are easy and computationally
efficient, these methods may fail to represent the video in two possible scenarios: no enough
keyframes for a short semantically important video and too many keyframes with similar content

for a long static segment [203].

Early works on keyframe extraction focused on shot boundary-based techniques [[19, 206].
Basically, this technique employs the first or middle frame of each shot as the keyframe after

shot boundary detection [207]. Video shot boundary detection methods were reviewed by Pal et
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al. [207]. Although shot boundary-based methods are easy to use and generalise, the extracted

keyframe cannot represent the visual content entirely and it is not stable.

Shot activity-based approach is used to select keyframes considering the frame with the least
different from other frames in terms of a given similarity measure. Based on this concept, Zhuang
et al.[208] proposed a keyframe selection method with the assumption that “every keyframe
represents a contiguous interval in a shot”. In this work, the limits of intervals and the location
of the keyframe within each interval are optimised. Similarly, the Lloyd-Max algorithm is used

in the design of a scalar quantizer in [209].

Visual content-based approach has been explored for visual content-based information retrieval
and keyframe based video summarization. In this approach, visual features of video clips are
extracted to analyse keyframes in movie segments. Zhong and Smoliar proposed an integrated
system solution using video content information obtained from a parsing process [210]. Human
attention mechanism has been simulated to produce a semantic video summary based on
keyframe extraction. Visual attention of each frame is quantified using a descriptor named
attention quantifier, which indicates colour conspicuousness and the motion with more attention
involved [211]. There have been many attempts to analyse the visual content of video for

keyframe extraction for video partitioning and summarization [212,213].

As for motion analysis-based approach, a novel algorithm was proposed for selecting keyframes
within shots from video by employing optical flow computations to detect local minima of action
in a single shot [22]. This work measures the motion in a shot by utilising optical flow analysis,
where keyframes are selected at the local minima of the action. Mizher et al. has also proposed
an action keyframe extraction method based on L1-Norm and accumulated optical flows [214].
A similar approach has been observed for salient region-based keyframe extraction by using

optical flow and calculating mutual information entropy [215]].

Clustering-based methods have been used to extract keyframes. The idea is that frames are
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grouped based on their low-level features by using a clustering method like K-means and the
most similar frames with the groups’ centres are selected [208]. Dynamic Delaunay graph
clustering through iterative edge pruning technique has also been used to extract keyframes [24]].
Tan et al. demonstrated the KGAF-means method by adopting K-means and the artificial fish

swarm algorithms to extract keyframe sequences [216].

The proposed method in this study aims to tackle some important limitations of the aforementioned
approaches. Despite extracting keyframes using shot-based approaches is easy to use, early
approaches are unable to capture the temporal information. As for clustering-based approaches,
they are sensitive to the type of adopted kernel and the number of clusters, and high in time
complexity [217]. Furthermore, video is a special kind of media content that includes temporal
information and complex background. Another limitation of the mentioned methods is handling
entire frame differences rather than a specific region of interest. This work proposes a novel
approach based on the similarity between regions of interest in consecutive frames to address
these limitations. Different from the previous works, an action template is employed to find the

region of interest for each video.

It is noteworthy that some related work on deep neural networks for video classification has been

presented in our previous work [3].

4.3 The Proposed Method

Keyframe extraction is a principal preprocessing step in video analysis. The purpose of extracting
keyframes is to get more discriminate information from the video in an effective manner. Each
video has its own unique characteristics such as saturation, brightness, contrast, camera angle,
vibration, blur, location of the action, number of actors, type of action, length, and background.
Considering a large number of variables in each video and treating all videos equally bring
about a major weakness in keyframe extraction. Thus, it is necessary to recognise the region of
action in continuous action video. Considering the variations in the complex video data, it is

a challenging task to find the location of the action, based on which this study proposes a new
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method for keyframe extraction.

4.3.1 The Proposed Keyframe Extraction Approach

In general, the location of action in a movie is related to the point on the screen and camera,
to which the reviewer’s attention is paid. It is observed that attention is paid to the central area
mostly while recording and watching. Therefore, the outside regions of video frames are usually
cropped off before identifying the region of interest. Then, the area of action is formulated as
a region in the centre of video frames, which produces either the biggest difference or lowest
similarity between consecutive frames, leading to a template for the video to track the action
area. Calculating only the difference in regions of action between frames throughout the video
helps to extract keyframes more accurately and effectively by reducing the influence of possible

dynamically changing backgrounds.

The proposed keyframe extraction method consists of four steps: (1) identify an action template;
(2) specify the location of an action; (3) calculate action similarities to find distinctive frames;
(4) select a preset number of keyframes in chronological order. The four steps of the proposed
keyframe extraction method can be summarised as follows:
1) Action template identification:
* Frame decomposition.

* Frame cropping.

Define three possible regions for action template.

Calculate Mean Squared Error (MSE) for each possible region using the first two

frames.

Choose the region that produces the largest MSE as an action template.
2) Action location specification:

* Find the region of interest on each frame by matching the action template against
overlapped regions in each frame using the correlation coefficient defined in Equation

#.3).

3) Keyframe extraction:
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e Calculate the structural similarity measure (S;) between regions of interest on
consecutive frames (f;, fi—1)-

 Compare the similarity score with thresholds 77 = [0.65,0.90] and 7> = [0.65,0.95]
(these threshold values were chosen by analysis of significance in action changes in

the experiments):

0.65 < §; < 0.90 — add f; to primary list(p)

0.65 < §; < 0.95 — add f; to alternative list(ay)

* Repeat the above till end of the video, with N, frames extracted into py and Ny,
frames extracted in to ay.
4) Keyframe selection:
* Set the number of keyframes (N f).

* Find keyframe ratio (k):

. LW}'J, if Ny, > Ny,
BRI .
[52),  otherwise
f

* Return the indexes of keyframes by choosing a frame from every k frames from
keyframe list p¢ if N, > Ny, or from keyframe list a¢ otherwise.

In the first step, each frame is cropped by taking an appropriate number of pixels out (depending
on frame resolution) from each side of a frame to create a general action area. As depicted
in Fig. the inner area is then divided into three different candidate templates. It has
been observed that background changes between consecutive frames result in small structural
similarity (SSIM) and action differences lead to large MSE. The candidate area having the largest
MSE between consecutive frames is assigned as an action template. The mean squared error

between two regions of frames X and Y is computed as follows:

1
mn

S Y ¥ (i) — X (i) @

i=1j=1

MSE(X,Y) =
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Figure 4.1: Defining the possible locations of an action template. Red, green, and blue boxes
represent the borders of three possible templates.

where m and n are the number of rows and columns in the region of interest, respectively. The
structural similarity formulated by Wang et al. [218] is adopted in this study and defined as

follows:

(2uxuy +C1) (20xy +C2)
(U + 1 +Ci) (02 + 02 +C)

SSIM(X,Y) = (4.2)

where Ly and Uy denotes the average of pixel values in X and Y, ox and oy are the variance of
pixel values in X and Y, and oyy is the co-variance of pixel values in X and Y. C; = (k;L)? and
C> = (koL)? are small constants where L denotes the dynamic range of pixel values. MSE and

SSIM are calculated for each frame region and used to select frames well representing the action

(see Fig.[4.2).

In the second step, after having determined the action template for each video, the template-based
correlation coefficient matching method is used to find at what position the template most closely
matches the data in a region of each frame. This operation slides throughout each frame and
compares the overlapped patterns of size w X A to the template, where w and 4 are the width and
height of the template. Then, the best matches are found as global maximums. Regarding colour
channels, template summation in the function is done over all channels and different mean values

are used for each channel. The formula for the template-based matching method is:

Rix,y) =Y (T'(¥,Y)-T'(x+x',y+))) (4.3)

/)
X5y
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MSE: 75.39, 55IM: 0.95

Figure 4.2: An example of action template identification

where R(x,y) is the correlation-coefficient score for a single overlapped position of (x,y)
representing the coordinates of each pixel in the frame. 7’(x’,y’) is the average of pixel values of

the template 7', where (x',y’) represents the coordinates of each pixel in the template, given as:

1
(W) =T y) ~ o Y T () 44
(w-h) x%” (4.4)
On the other hand, I’(x+x',y + ') is the average of pixel values of a given frame / in the region

overlapped with the template 7', given as:
1
I'(x+x'y+y) =1x+x,y+)) - ) Y I(x+x"y+)") (4.5)
.X”,y”

where X’ =0,...,w—1 and y” = 0,...,h— 1 which represent the new coordinates of (x,y) in the
template after moving the centre of the template over the frame. T'(x’,y’) is the pixel values for a
pixel (x,y) in the template while I(x+x',y+y') is the pixel value for the corresponding pixel
position in the frame. After performing the template matching procedure, the region of interest

on each frame is localised where the highest matching probability takes place.
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In step 3, it is very challenging to distinguish between action changes and background changes in
consecutive frames. Through an extensive investigation, it has been discovered that the structural
similarity between two regions of interest in two consecutive frames is more sensitive to action
changes than background changes. After analysing both background and action changes in these
areas, two rules are proposed in this study to specify upper and lower bounds of similarity range.
Action changes are found mostly important in the interval [0.65,0.90], and the lower similarity
is mainly due to the dramatic change in dynamic background. Rarely, the difference between
regions in consecutive frames is not in this range. However, if there are not enough keyframes
extracted using the above interval more frames are extracted by extending the upper bound of

the interval up to 0.95.

Finally, keyframes are selected by using a keyframe ratio in chronological order. The pseudocode

of the proposed algorithm is demonstrated in Algorithm|I]

4.3.2 Deep Neural Network Architectures Based on VGG-16 for

Video Classification

In 2014, Simonyan and Zisserman [72] introduced a VGG-16 network architecture trained on
1,000 image categories using image data for the ILSVRC. VGG-16 consists of 16 convolutional
layers with relatively small convolution filters (3x3). The pre-trained neural network VGG-
16 was used to generalise the pre-learnt feature representations using transfer learning. In
the previous work [5], ConvLSTM and LSTM with local features extracted using VGG-16
outperformed those using global features. Thus, this study uses the ConvLSTM(1) and LSTM(1)
architectures used in [3]. Apart from the newly proposed keyframe extraction method, more
experiments were conducted using not only 20 but also 101 categories of the UCF-101 dataset
and evaluating the proposed methods on the KTH action recognition dataset as well. Moreover,
the parameters of the networks were optimised using the hold-out validation method on the
validation split of the training dataset. The two video classification architectures to classify 101

categories are shown in Fig.[4.3]
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Function Keyframe Extraction(V,Ny,)
Input :The input video stream, V
Input :The number of keyframes, N; »
Output : The list of keyframes, K

while input video is available do

// Action template identification

Get next video and crop outline areas;

Frame decomposition F = Fy, F>, ..., Fy;

Select three candidate action regions R1y1,R2¢1,R3 ¢ on the first frame Fj and
R14>,R2¢>,R3 s> the second frame F;

Calculate MSE scores between candidate action regions:
MS; = MSE(R11,R17),MS> = MSE(R2¢1,R2¢>),MS3 = MSE(R371,R3y>);

Choose action template considering the largest MSE score gained from two
consecutive action regions;

// Action location specification
Extract region of interest on each frame by matching the action template against
overlapped regions r = ry,rp,..., 1y

// Keyframe extraction

foreach consecutive frame pairs f; and f;,| do

Calculate the structural similarity measure S; between regions of interest (r; and
Fit1)

if 0.65 < S; < 0.90 then // T} =[0.65,0.90]
‘ Add F; to the primary keyframe list (ps)

end

if 0.65 < S; < 0.95 then // T, =[0.65,0.95]
‘ Add F; to the alternative keyframe list (ay)

end

// Keyframe selection. Find keyframe ratio, k:

N, P
f .
_Nkf s lprf > Nkf
k= N
Naf ,  otherwise
kg

iprf > Nkf then
‘ Add every k frames of the primary list ps to K
else
\ Add every k frames of the alternative list as to K
end
end
end
return the list of keyframes, K
End

Algorithm 1: Action template-based keyframe extraction
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Pretrained VGG-1
VGG-16-LSTM | Input | »f LretrainedVEG16d |\ o\ | eeq0oa | W Fc-101 |+ softmax |+ Output
Convolutional Base

VGG-16-ConvLSTM | Input |+ LretrainedVEG-16| | - cr\i L rc1024 |5 Fc101 |+ Softmax | Output
Convolutional Base

Figure 4.3: The architectures of the networks used in VGG-16-LSTM and VGG-16-ConvLSTM
experiments

LSTM is one of the most common approaches for sequence modelling. Previous studies [85,
138, 1219]] have demonstrated that LSTM is a robust method to represent long-range dependencies.
In VGG-16-LSTM, the local features extracted by VGG-16 from video frames are fed into LSTM
to access spatiotemporal information. The number of units in the output space was set to 1024

and ReLU was used as an activation function.

An end-to-end trainable ConvLSTM was proposed by extending the fully-connected LSTM
to have convolutional structures in both the input-to-state and state-to-state transitions for
precipitation nowcasting [202]. The purpose of precipitation nowcasting is to predict future
precipitation intensity over a relatively short period of time in a local area and it can be seen
as a video prediction problem with a fixed camera with the weather radar [220]. It was shown
that ConvLSTM extracts better spatiotemporal correlations than the fully-connected LSTM
for precipitation nowcasting [202]. Inspired by this study, ConvLSTM was used to build a
new architecture for video classification, which takes the advantage of its capacity in capturing
spatiotemporal information throughout time series. One ConvLSTM layer is added on top of the
spatial feature maps extracted by VGG-16 and use the hidden states for video classification. This
layer contains 64 hidden states, 7x7 kernels, and the stride of convolution is set to 1 to perform

the experiments described in Section 4.4

4.4 Experiments

In this section, the experimental setup, the datasets used and the evaluation method are described.
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4.4.1 Experiment Design

During the training process, parameter tuning is carried out with the hold-out validation technique.
The best parameters are identified based on the validation scores. After that, the model with the

best parameters is evaluated on testing data by predicting unseen test videos’ classes.

The proposed network architectures are implemented by using TensorFlow-gpu v1.12 on an
NVIDIA TITAN X GPU using the CUDA v9.0 toolkit. The batch size is set to 128, and the
cost is minimised by using the SGD optimiser. The number of epochs is determined using early
stopping by observing the change in validation loss. Dropout is used as a regularisation method,

disabling some neurons within ConvLSTM and fully-connected layers with a probability of 0.5.

4.4.2 Datasets and Evaluation Method

In this study, the UCF-101 and KTH datasets are used to evaluate the neural network architectures
with the proposed keyframe extraction method and two more keyframe extraction methods for
classifying human actions from video clips. The UCF-101 dataset has defined three training-
testing splits, aiming to facilitate benchmarking algorithms. In the previous experiment [3], only
the first twenty categories of the dataset were used due to limited time and computing facility,
and the first training-testing split was adopted to generate training and testing data. However,
the experiments were conducted in this study using all categories with the three training-testing
splits of the UCF-101 and KTH datasets. The KTH dataset was used for initial experiments and

verification as it is small-sized dataset with six action categories.

In the experiments, confusion matrices are produced for performance analysis and accuracy is
used for the comparison of the performances achieved by different architectures. 180 training,
validation, and testing accuracy scores have been collected with the three training-testing splits
released by the UCF-101 organisation (10 times per split and 30 times per classifier). Similarly,
90 accuracy scores have been collected with the official training, validation, and testing splits of

the KTH dataset (15 times per classifier).
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The Kolmogorov-Smirnov test is a normality test that compares the observed cumulative
distribution with the cumulative distribution that would occur if the data were normally distributed
[221], and it has been used for calculating numerical means for assessing normality. As for the
test of homogeneity of variances, Levene statistic has been applied to the dependent variable
and shows variances of groups are homogeneous based on mean and median. Levene’s test is
simply a one-way analysis of variance on the absolute values of the differences between each
observation and the mean of its group and is appropriate for testing the null hypothesis [222].
Furthermore, an ANOVA test has been conducted to compare the variance differences to figure
out whether the results are significant. Afterwards, Tukey’s Honest Significant Difference (HSD)
test has been run to determine whether the specific groups’ means are different. The results are

presented in Section §.5]

4.5 Results and Discussion

The VGG-16-ConvLSTM and VGG-16-LSTM architectures presented in our previous work [3]]
for video classification are used as baseline methods to evaluate the proposed method in this
study. One of the findings of the previous work [3] is that using global features can help achieve
better classification performance over local features. It can be highlighted that the fundamental
difference between local and global features is the way of representing input frames in terms of
the whole frame or frame patches, which provide different information on the input to the video
classifier. Seven different classification networks using either local or global features extracted
by the pre-trained VGG-16 were compared in the previous work [3]. The extracted features
were fed into a newly added fully-connected layer in baseline VGG-16-VOTE (a) and the fully-
connected layer of VGG-16 was included in VGG-16-VOTE (b). Similar to the baseline methods,
LSTM was employed to access spatiotemporal information over the features in VGG-16-LSTM
(a) and VGG-16-LSTM (b). To test the effect of directional connections in LSTM structure for
action recognition, VGG-16-BLSTM (a) and VGG-16-BLSTM (b) were implemented by using
BLSTM. The VGG-16-ConvLSTM architecture was proposed with convolutional structures
in state transitions. Table shows the results obtained from the earlier study [3] in which

VGG-16-ConvLSTM (82.04%) significantly outperformed the other networks followed by VGG-
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16-LSTM (81.27%) with local features at 0.05 significance level (p = 0.046). In the previous

study, one frame per second was extracted to reduce the number of frames in classification.

Table 4.1: Average accuracy scores achieved by different architectures on the UCF-101 dataset
with 20 categories [S]

Model Training Accuracy Validation Accuracy Testing Accuracy
VGG-16-ConvLSTM  99.24% 97.45% 82.04%
VGG-16-LSTM(a) 98.86% 97.91% 81.27%
VGG-16-BLSTM(a) 97.76% 95.19% 76.20%
VGG-16-VOTE(a) 78.71% 76.55% 73.20%
VGG-16-LSTM(b) 78.41% 79.47% 67.62%
VGG-16-VOTE(b) 73.70% 67.05% 64.04%
VGG-16-BLSTM(b)  89.17% 75.37% 61.18%

In this study, experiments with the proposed keyframe extraction method were conducted using
the first 20 categories of the UCF-101 dataset in the first place to investigate how the proposed
keyframe extraction method can improve the video classification performance of the LSTM and

ConvLSTM based network architectures in comparison with the previous work [3]].

Table 4.2: Average accuracy scores achieved by LSTM and ConvLSTM network architectures
based on the UCF-101 (20 categories) using two keyframe extraction methods where (1) and (2)
indicate one frame per second and the proposed method, respectively.

Architecture Training Accuracy Validation Accuracy Testing Accuracy

ConvLSTM(2) 98.95% 98.37% 88.15%
LSTM(2) 96.48% 95.53% 83.10%
ConvLSTM(1) 99.24% 97.45% 82.04%
LSTM(1) 98.86% 97.91% 81.27%

Table [4.2] shows the results obtained on the first twenty categories of UCF-101 in which
ConvLSTM(1) and LSTM(1) refer to the previous method selecting one frame per second
whereas ConvLSTM(2) and LSTM(2) indicate the proposed method. It can be seen that the
architectures using keyframes extracted by the proposed method, ConvLSTM(2) and LSTM(2),
outperformed the previous method, achieving accuracy scores of 88.15% and 83.10%, respectively.
In order to draw more convincing conclusions, further experiments were conducted with the
proposed method (2) using all the 101 categories of the UCF-101 dataset and the KTH dataset in

comparison with two commonly used keyframe extraction methods: method (1) is a baseline
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Table 4.3: Average accuracy scores achieved by LSTM and ConvLSTM network architectures
on datasets KTH and UCF-101 (101 categories) using three keyframe extraction methods where
(1), (2), and (3) indicate: one frame per second method, the proposed action template-based

method and optical flow-based keyframe extraction method, respectively.

Architecture Dataset Training Validation Testing
Accuracy Accuracy Accuracy
ConvLSTM(2) KTH 87.41% 67.34% 71.13%
LSTM(2) KTH 65.06% 85.50% 68.66%
ConvLSTM(1) KTH 84.16% 69.52% 68.27%
ConvLSTM(3) KTH 82.02% 54.92% 66.17%
LSTM(1) KTH 58.43% 82.26% 64.58%
LSTM(3) KTH 76.85% 45.12% 62.83%
ConvLSTM(2) UCF-101 94.27% 90.02% 67.39%
ConvLSTM(1) UCF-101 97.19% 92.19% 65.44%
LSTM(2) UCF-101  93.79% 86.76% 64.27%
LSTM(1) UCF-101  94.09% 89.64% 63.86%
ConvLSTM(@3) UCF-101 87.71% 82.75% 60.04%
LSTM(3) UCF-101  92.96% 85.46% 49.62%

method that extracts one frame for each second until the end of the video, and method (3)
is a motion-based keyframe extraction method that selects keyframes considering the local
minima of action between optical flows [22]. The results are summarised in Table n
which ConvLSTM(2) achieved the best classification accuracy (71.13%) followed by LSTM(2),
ConvLSTM(1), ConvLSTM(3), LSTM(1), and LSTM(3) on the KTH dataset, respectively.
Similarly, ConvLSTM(2) outperformed the other methods on the UCF-101 dataset with 67.39%
accuracy score. As shown in Table [4.4] there is a statistically significant difference between

classifier groups in terms of one-way ANOVA (F(11.258) = 304.725, p = 0.000).

Table 4.4: One-way ANOVA of performance achieved by different network architectures where
df, SS, MS, and F refer to degrees of freedom, sum of squares, mean sum of squares, and F
score, respectively. The values are significant at the 0.05 level.

df SS MS F p-value
Between Groups 11 0.847 0.077 304.725 0.000*
Within Groups 258 0.065 .000
Total 269 0.913

The Tukey’s HSD post hoc test results on the KTH dataset, as shown in Table §.5] show that
the classification performance achieved by ConvLSTM(2) is statistically significantly higher

than LSTM(1), ConvLSTM(1), LSTM(2), LSTM(3), and ConvLSTM(3) (p < 0.05) on the KTH
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Table 4.5: Post hoc comparisons using Tukey’s HSD on the KTH Dataset. The values are
significant at the 0.05 level.

Method Mean _ 95% Confidence
DifferenceE P -value Interval
D ) (I-D) Lower Upper
Bound Bound
LSTM(1) ConvLSTM(1) -0.016* .003 .000 —.023 —.008
LSTM(2) —0.004 .003 612 —.012 .003
ConvLSTM(2) —0.035* .003 .000 —.043 —.028
LSTM(3) 0.142* .003  .000 135 .150
ConvLSTM(3) 0.038* .003  .000 .031 .046
ConvLSTM(1) LSTM(1) 0.016* .003  .000 .008 .023
LSTM(2) 0.012* .003  .000 .004 .019
ConvLSTM(2) —0.020* .003 .000 —.027 —.012
LSTM(3) 0.158* .003  .000 151 .166
ConvLSTM(3) 0.054* .003  .000 .046 .062
LSTM(2) LSTM(1) 0.004 .003 .612 —.003 .012
ConvLSTM(1) —0.012* .003 .000 —.019 —.004
ConvLSTM(2) —-0.031* .003 .000 —.039 —.024
LSTM(3) 0.147* .003  .000 .139 154
ConvLSTM(3) 0.042* .003  .000 .035 .050
ConvLSTM(2) LSTM(1) 0.035* .003  .000 .028 .043
ConvLSTM(1) 0.020* .003  .000 .012 .027
LSTM(2) 0.031* .003  .000 .024 .039
LSTM(3) 0.178* .003  .000 .170 185
ConvLSTM(3) 0.074* .003  .000 .066 .081
LSTM(3) LSTM(1) —0.142* .003 .000 —.150 —.135
ConvLSTM(1) —0.158* .003 .000 —.166 —.151
LSTM(2) —0.147* .003 .000 —.154 —.139
ConvLSTM(2) —0.178* .003 .000 —.185 —.170
ConvLSTM(3) —0.104* .003 .000 —.112 —.097
ConvLSTM(3) LSTM(1) —0.038* .003 .000 —.046 —.031
ConvLSTM(1) —0.054* .003 .000 —.062 —.046
LSTM(2) —0.042* .003 .000 —.050 —.035
ConvLSTM(2) —-0.074* .003 .000 —.081 —.066
LSTM(3) 0.104* .003  .000 .097 112

dataset. There is a statistically significant difference between all methods except for LSTM(1)

and LSTM(2).

The Tukey’s HSD post hoc test results on the UCF-101 dataset are presented in Table {.6, which
demonstrate that ConvLSTM(2) significantly outperformed LSTM(1), ConvLSTM(1), LSTM(3),

and ConvLSTM(3) (p < 0.05).
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Table 4.6: Post hoc comparisons using Tukey’s HSD on the UCF-101 dataset. The values are
significant at the 0.05 level.

Method Mean _ 95% Confidence
Difference Error P -value Interval

D €)) (I-D) Lower Upper
Bound Bound

LSTM(1) ConvLSTM(1) —0.037* .009 .001 —.062 —.012
LSTM(2) —0.041* .009 .000 —.066 —.016

ConvLSTM(2) —0.065* .009 .000 —.091 —.040

LSTM(3) 0.017 .009  .340 —.008 .043

ConvLSTM(3) —-0.016 .009 450 —.041 .009

ConvLSTM(1) LSTM(1) 0.037* .009 .001 .012 .062
LSTM(2) —0.004 .009 .998 —.029 .021

ConvLSTM(2) -0.029* .009 .017 —.054 —.003

LSTM(3) 0.054* .009  .000 .029 .080

ConvLSTM(3) 0.021 .009 .159 —.004 .046

LSTM(2) LSTM(1) 0.041* .009  .000 .016 .066
ConvLSTM(1) 0.004 .009 998 —.021 .029

ConvLSTM(2) —0.025 .009 .059 —.050 .001

LSTM(3) 0.058* .009  .000 .033 .083
ConvLSTM(3) 0.025 .009  .055 .000 .050

ConvLSTM(2) LSTM(1) 0.065* .009  .000 .040 .091
ConvLSTM(1) 0.029* .009 .017 .003 .054

LSTM(2) 0.025 .009 .059 —.001 .050

LSTM(3) 0.083* .009 .000 .058 .108
ConvLSTM(3) 0.050* .009  .000 .024 .075

LSTM(3) LSTM(1) —0.017 .009 .340 —.043 .008
ConvLSTM(1) —0.054 .009 .000 —.080 —.029

LSTM(2) —0.058* .009 .000 —.083 —.033
ConvLSTM(2) —0.083* .009 .000 —.108 —.058

ConvLSTM(3) —0.033* .009 .003 —.059 —.008

ConvLSTM(3) LSTM(1) 0.016 .009 450 —.009 .041
ConvLSTM(1) —-0.021 .009 .159 —.046 .004

LSTM(2) —0.025 .009 .055 —.050 .000

ConvLSTM(2) —0.050* .009 .000 —.075 —.024

LSTM(3) 0.033* .009 .003 .008 .059

The keyframe extraction method proposed in this study uses action templates to identify most
important regions related to actions in video frames. The experimental results have demonstrated
that this action template-based approach to keyframe extraction can extract frames with distinctive
actions to significantly improve the performance of deep convolutional neural networks for

action recognition from videos. Keyframe extraction methods have been investigated due to
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their adaptability to video summarization systems and performance improvement in video
classification approaches. Keyframe extraction methods enable using more informative input
representation while reducing the number of frames. With the advantage of using fewer but more
informative frames, the input dimension is reduced and training time is shortened. Moreover,

using selected keyframes can effectively improve the accuracy of video classification.

4.6 Conclusion

In this chapter, a template-based keyframe extraction method is proposed which employs action
template-based similarity to extract keyframes for video classification tasks. Combining pre-
trained CNN with ConvLSTM has achieved the highest classification accuracy among the other
architectures. It can be seen that calculating structural similarity between two relevant regions
of consecutive frames effectively prevents dynamic background noise from being treated as
actions in keyframe selection. The experimental results and the conducted analysis show
that the proposed keyframe extraction method can select informative frames reliably and
thus significantly improve the performance of deep neural network architectures for video
classification. Finally, when finding the relevant area using the extracted action template the
proposed method successfully extracts proper keyframes from human action videos for video
classification using deep neural networks. Although the proposed method has outperformed the
two commonly used keyframe extraction methods, this study has a few limitations. One of the
limitations is that CNN architectures used in the evaluation of the proposed method were not
state-of-the-art architecture. This means that it did not produce the best results. The second
limitation of the study is that the technical infrastructure of the experiment was weak with
one GPU machine only and could not conduct more comprehensive experiments with larger
batches. However, the proposed keyframe extraction method has significantly outperformed the
commonly used keyframe extraction methods on two different datasets. Therefore, future work
could be focused on the application of the proposed algorithm using more powerful architectures

for real-world video classification and video summarising problems.



Chapter 5

Extracting Motion Information and

Decision Fusion for Video Classification

CNN s have recently been applied for video classification applications where various methods for
combining the appearance and motion information from video clips are considered. The most
common method for combining the spatial and temporal information for video classification is
averaging prediction scores at the softmax layer. Inspired by the Mycin uncertainty system for
combining production rules in expert systems, this study proposes using the Mycin formula for
decision fusion in two-stream CNNs. Based on the intuition that spatial information is more
useful than temporal information for video classification, this study also proposes multiplication
and asymmetrical multiplication for decision fusion, aiming to better combine the spatial and
temporal information using two-stream CNNs. The experimental results show that (i) both
spatial and temporal information is important, but the decision from the spatial stream should be
dominating with the decision from the temporal stream as complementary and (ii) the proposed
asymmetrical multiplication method for decision fusion significantly outperforms the Mycin

method and average method as well.

5.1 Introduction

Over the past few years, research interest in the detection and recognition of human actions from

video data streams has increased substantially. While humans have adapted to understanding
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the behaviour of other humans (at least within their cultural framework), the identification
and classification of human activities have remained a significant challenge for computer
vision research. This problem is exacerbated when these actions are mirrored within different
environmental settings. Furthermore, understanding multi-level human actions within complex
video data structures is crucial to meaningfully apply these techniques to a wide range of real-

world domains.

There have been several approaches to classify human actions throughout a video. One of the
most popular approaches is an extension of single image classification tasks to multiple image
frames, followed by combining the predictions from each frame. Despite the fact that there
has been recent success in using deep learning for image classification, more research should
be focused on deep neural network architecture design and representation learning for video

classification.

Real-world video data involves a complex data structure, which generally consists of two basic
components, spatial and temporal features. Research has shown that only using spatial features
in video classification, by extending the approaches from image-based architectures, has not
achieved the same level of interpretative accuracy in multi-image domains compared to single

image domains.

CNNs have been widely utilised in video classification due to their powerful structure and robust
feature representation capability. However, one of the main issues is the methodology behind
combining appearance and motion information in CNN architectures, which is by information
fusion in general. The fusion of information can take place at different levels: signal, image,
feature, and symbol (decision) level. Signal-level fusion is the combination of multiple signals
to produce a new signal, having the same format as the input signals. Fusion at image-level,
or pixel-level, combines a set of pixels from each input image. Feature-level fusion refers to
combining different features extracted from multiple images. Decision-level fusion provides the

fused representations from several inputs at the highest level of abstraction. The input image(s)
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are normally analysed individually for feature extraction and classification. The results are
multiple symbolic representations which are then combined based on decision rules. The highest

level of fusion is symbolic fusion as the existence of more complexity at this level.

The main contribution of this study is to have proposed simple but effective methods for decision-
level fusion in two-stream CNNs for video classification, which have taken into account the

asymmetry of the spatial and temporal information in videos about human actions.

This chapter is organised as follows: Section |5.2| presents a brief overview of the existing fusion
approaches in two-stream neural networks for video classification. The proposed method is
described in Section[5.3] the results are presented in Section [5.4] and conclusions are drawn in

Section

5.2 Related Work

Action recognition is attracting widespread interest due to the need to capture context information
from an entire video instead of just extracting information from each frame (a process that is
an extension of image-based classification). CNN has received increased attention in video
classification research over the last decade because of its powerful architecture in image-based
tasks [80]. A common extension of image-based approaches is to extend 2D CNNs into
time dimension to capture spatiotemporal information with the first layer of CNNs [54, [190]].
The progress of video classification architectures has been slower than image classification
architectures [[71}73]]. The possible challenges in video classification are huge computational cost,

difficulty in complex architectures, overfitting, and capturing spatiotemporal information [223]].

Karpathy et al. explored several fusion approaches to extract temporal information from
consecutive frames using pre-trained 2D CNNs: single frame, late, early, and slow fusion [80].
The single frame model utilises a single-stream network that combines all frames at the final
step whereas the late fusion approach utilises two networks with shared parameters a distance

of 15 frames apart and then fuses predictions at the last stage. The early fusion involves
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pixel-level fusion by combining information from the entire video time window. The slow
fusion model is a form of a balanced mixture of the late and early fusion models by fusing
temporal information throughout the network. The authors highlighted that the spatiotemporal
feature representations could not capture motion features properly as the single frame method

outperformed the spatiotemporal network architectures [80].

Simmoyan and Zisserman implemented a deep two-stream architecture to learn motion features
by modelling these features in stacked optical flow vectors [81]]. Spatial and temporal streams
tackle with spatial and temporal information in separate networks and the fusion occurs in the
last classification layer of the network. Although the temporal information is absent, video-level
predictions were gathered after averaging predictions over video clips. Their achievement on the
UCF-101 and HMDB-51 over the models consisting of either spatial or temporal stream has led

to investigating multiple deep neural networks for video classification.

As opposed to stream-based design, Yue-Hei et al. employed RNN on trained feature maps to
explore the use of LSTM cell to capture temporal information over video clips [85]]. They also
explored the necessity of motion information and highlighted the use of optical flow in action
recognition problems, although using optical flow is not always beneficial, especially for the
videos taken from the wild. Donahue et al. built an end-to-end training architecture by encoding
convolution blocks and a form of LSTM as a decoder [84]]. They also showed that the weighted
average between spatial and temporal networks returned average scores. A temporal attention
mechanism within 3D CNN and RNN encoder-decoder architecture was proposed by Yao et al.
to tackle local temporal modelling and learn how to select the most relevant temporal segments
given the RNN [224]. Sun et al. [225] proposed factorised spatiotemporal CNNs that factorise
the original 3D convolution kernel learning, as a sequential process, which learns 2D spatial
kernels in the lower layers by using separate spatial and temporal kernels rather than different
networks. They also proposed a score fusion scheme based on the sparsity concentration index
which puts more weights on the score vectors of class probability that have a higher degree of

sparsity [225].
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Feichtenhofer et al. [88] explored how the fusion of spatial and temporal streams affects the
performance from spatiotemporal information gathered throughout the networks. They proposed
a novel spatiotemporal architecture involving a convolutional fusion layer between spatial and
temporal networks with a temporal fusion layer after extensively examining feature-level fusion
on feature maps using sum, max, concatenation, convolutional, bilinear, and 3D CNN and 3D
Pooling fusion [88]. Moreover, spatial-temporal information fusion with frame attention has

been proposed by Ou and Sun [226].

Combining both spatial and temporal features has been a common problem for video classification.
Researchers use pixel-level, feature-level and decision-level fusion approaches to take the best
advantage of spatiotemporal information [227, 228, 229]. This study investigates how decision-
level fusion affects the final prediction performance without using complex architectures. Based
on the fact that both spatial and temporal information is useful for video classification and
they play an asymmetrical role in recognising human actions from videos and inspired by the
Mycin uncertainty system [230] for combining production rules in expert systems, this study
aims to propose simple but effective decision fusion methods in two-stream CNNs for video

classification.

5.3 Methods

In this section, the architecture of the two-stream neural networks, the decision fusion functions,
the dataset, the details of preprocessing and feature extraction, and the performance evaluation
approach are presented. The proposed two-stream architecture is implemented in [81/] with some
modifications. The architecture is one of the most commonly used networks in computer vision
applications as it is the first implementation of decision fusion on the top of two-stream neural
networks by averaging the scores from both streams. Nonetheless, it is limited in the temporal
domain as the input of the spatial stream is a single frame and that of the temporal stream is a
stack of fixed frames. Due to its popularity, researchers commonly use averaging for the final

decision by taking both spatial and temporal information equally.
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Figure 5.1: The architecture of CNNs used in the experiment

5.3.1 Two-Stream Convolutional Neural Networks

Two-stream neural networks have been implemented by using Tensorflow-gpu v.1.13 on NVIDIA
TITAN X GPU using CUDA v9.0 toolkit. For the spatial stream network, pre-trained Inception
v3 on ImageNet is employed to extract high-level feature representations from video clips. With
all convolutional layers of Inception pre-trained network frozen, its fully connected layers are
trained by initialising weights randomly. After that, the top 2 and 3 inception blocks are trained
by freezing the rest of the network separately. The temporal stream network is created by
mitigating the same structure defined by Simonyan and Zisserman [81] for the two-stream CNN
as shown in Fig.[5.1] The model is evaluated on a holdout validation dataset after every epoch
and the performance of the model is monitored based on the loss during the training by using the

early stopping technique.

5.3.2 Decision Fusion

In this study, the focus is decision fusion in two-stream neural networks to investigate the effect
of different operations on the final decision at the highest level of abstraction. Many decision
fusion rules have been proposed to combine information gathered from different sources based
on the same input in video classification applications. The common technique is averaging or
weighted averaging which is generally used to get better representation for the combination of

spatial and temporal information extracted by two different input representations.
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The softmax activation function is widely employed in the output layer of a deep neural network
to present a categorical distribution of a list of labels and to calculate the probabilities of each
input element belonging to a category. The softmax function S : R — RX is defined by the

formula

50 )

- (5.1)
Zfexp(xj)

where i = 1,...,K and x = x1, ..., xk is the output of the final dense layer of the neural network.

The softmax scores from the networks can be fused to give a better representation than could
be obtained from any individual stream. Spatial features are mainly used along with temporal
features in many video classification applications. These spatial features have taken the same
importance as temporal information in the same scope, by using the average function to make the
final decision. In this study, it is argued that the temporal information is also important for video
classification, but it may not be as important as spatial information for video classification, that is,
they are asymmetrical. Inspired by the Mycin uncertainty system for combining production rules
in expert systems, this study proposes using the Mycin formula for decision fusion in two-stream
CNNs. Based on the intuition that spatial information is more useful than temporal information
for video classification, this study also proposes multiplication and asymmetrical multiplication
for decision fusion, aiming to better combine the spatial and temporal information for video
classification using two-stream CNNs. To test the above ideas, this study proposes to investigate
the following four decision fusion functions for the two-stream neural networks for video

classification: Average (A), Mycin (B), Multiplication (C), and Asymmetrical Multiplication (D).

X+Y
Axy = — (5.2)
BX,Y =X+Y-—-XY (5.3)

Cxy = XY (5.4)
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DX,Y :X(l—min(X,Y)) (55)

where X and Y represent appearance and motion softmax scores, respectively. When the softmax
scores X and Y are asymmetrical, using min(X,Y) in the decision fusion function would bring
about extra information in combining them for decision fusion. This will be investigated further

by experiments in Section

5.3.3 Dataset

The dataset used in this study is the UCF-101 dataset and it contains 101 categories of human
actions divided into five types: 1) Human-Object Interaction, 2) Body-Motion Only, 3) Human-
Human Interaction, 4) Playing Musical Instruments, and 5) Sports. This dataset is one of the
most common action recognition datasets with 101 categories and over 13000 clips. The number
of clips per action category and the distribution of clip duration are demonstrated in Fig.[5.2]
Three training and testing splits officially released are adopted to test the neural networks used to

classify human actions from video clips.

5.3.4 Preprocessing and Feature Extraction

The first step of preprocessing was extracting and saving video frames from video samples. Then,
the frames were resized by cropping the centre of frames from the original rectangular image
size 320x240 to a 240x240 square. To feed the temporal stream with the temporal information
between the frame sequences, the preprocessed tvll optical flow representations were used [|88]].
The Inception v3 is a CNN which is pre-trained on the ImageNet dataset containing 1,000 image
categories. The pre-trained Inception v3 was employed as a spatial feature extractor in the spatial

stream network [231]].

5.3.5 Performance Evaluation

In this experiment, classification accuracy is used as a performance metric, which is the

percentage of correctly classified video instances. In the experiment, four different decision
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Figure 5.2: The number of clips and the distribution of clip duration in the UCF-101 [101]]

fusion functions were compared based on their accuracy scores through a statistical significance
test. 48 training, validation, and testing accuracy scores were collected under the same conditions
but with either different data splits for training, validation and testing data or different configuration.
A significance level of 0.05 was considered during the analysis. The distribution of performance
data was evaluated using the Kolmogorov-Smirnov test to check whether the accuracy scores
are normally distributed. As for the test of homogeneity of variances, the Levene statistic was
applied to the dependent variables. Furthermore, an ANOVA test has been conducted to compare
the variance differences to figure out whether the results are significant. Afterwards, the Tukey’s
HSD test was run to determine whether the specific groups’ means are different. The results are

presented in Section[5.4]
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5.4 Results and Discussion

Four different decision-level fusion functions were compared for the two-stream neural network
for video classification. Twelve different runs were conducted for each function over the 3
training, validation and testing splits. In total, 48 sets of top-1 and top-5 accuracy scores were

collected, and the results are presented in this section.

Table [5.1) demonstrates the descriptive statistics of dependent variables, top-1 and top-5 accuracy
scores, obtained from the decision fusion functions, A, B, C, and D which are defined in
Section [5.3] The highest mean accuracy scores were achieved by the proposed asymmetrical
multiplication, D, with 59.14% and 83.94% for top-1 and top-5 accuracy scores, respectively,
which is followed by the multiplication function, C, at 58.94% (top-1) and 83.75% (top-5). The
mean accuracy score achieved by the average is the lowest. It is interesting to see the performance

gap between the average and the multiplication functions is over 3%.

Table 5.1: The descriptive statistics of top-1 and top-5 accuracy scores of decision fusion
approaches: N, X, 0, and oy denotes the number of samples, mean, standard deviation, and
standard error, respectively.

Group N X (o] Ox
top-1 A 12 55.56% .01492 .00431
B 12 55.54% .01259 .00363
C 12 58.94% .01252 .00361
D 12 59.14% .01352 .00390
top-5 A 12 80.87% .01285 .00371
B 12 80.67% 01127 .00325
C 12 83.75% .01309 .00378
D 12 83.94% .01642 .00474

As shown in Table there was a statistically significant difference at the p < 0.05 level in
top-1 accuracy scores achieved by the four decision-level fusion functions: F (3,44) = 27.137,

p =0.00. The mean top-5 accuracy scores varied significantly as well: F (3,44) =20.755, p = 0.00.

Additional comparisons using the Tukey’s HSD test, as shown in Table [5.3] indicated that
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Table 5.2: One-way between-groups ANOVA of performance by fusion functions where d f,
SS, MS, and F refer to degrees of freedom, sum of squares, mean sum of squares, and F score,
respectively.

SS df MS F Sig.
top-1 Between Groups .015 3 .005 27.137 .000
Within Groups .008 44 .000
Total .023 47
top-5 Between Groups .011 3 .004 20.755 .000
Within Groups .008 44 .000
Total .019 47

there were significant differences in prediction performance between the proposed asymmetrical
multiplication and the average function (mean difference = 0.03607, p = 0.00), and between the
average and multiplication functions (mean difference = 0.03403, p = 0.00). Although there was
a significant difference between the proposed asymmetrical multiplication and Mycin functions
(mean difference = 0.03582, p=0.00), results did not support the significant difference between
the average and Mycin functions (mean difference = 0.00025, p = 1.00). The experimental results
have strengthened the argument that the importance of spatial features is not the same as that of

temporal features and the decision fusion making use of this asymmetry works well.

Table 5.3: Post hoc comparisons using Tukey’s HSD. The values are significant at the 0.05 level.

Method Mean Difference (I-J) Std. Error  Sig. 95% Confidence Interval

O Lower Bound Upper Bound
A B .00025 .00548 1.000 -.0144 .0149
C -.03378* 00548  .000 -.0484 -.0192
D -.03582% .00548  .000 -.0505 -.0212
B A -.00025 .00548 1.000 -.0149 0144
C -.03403* .00548  .000 -.0487 -.0194
D -.03607* .00548  .000 -.0507 -.0214
cC A .03378* .00548  .000 0192 .0484
B .03403* 00548  .000 0194 .0487
D -.00204 .00548  .982 -.0167 0126
D A .03582%* .00548  .000 0212 .0505
B .03607* .00548  .000 .0214 .0507
C .00204 .00548 982 -.0126 0167

* The mean difference is significant at the 0.05 level.

Although this research presents significant results, there are several limitations, which must

be addressed in future research. First, the proposed asymmetrical multiplication method was



5.5. Conclusion 89

developed and evaluated on only two-stream neural networks for video classification. It can
be extended to multi-stream neural networks and other domains. Second, the dataset used
in the experiments was the UCF-101. Future research on different datasets might be needed
before generalising these findings to other datasets. Finally, the temporal streams in two-stream
architectures were trained from scratch, which is much costly than the spatial streams which
were trained using transfer learning. Although learning from scratch leads to better prediction
results, using neural networks pre-trained on large motion datasets can help to reduce the cost of

temporal streams.

5.5 Conclusion

This study has investigated decision fusion methods for combining spatial and temporal information
in two-stream neural networks for video classification. The proposed asymmetrical multiplication
function for decision fusion outperformed the other three methods compared in this study,
significantly better than the famous Mycin method and commonly used averaging method. The
findings of this study support the idea that spatial information should be treated as dominant
while temporal information must be complementary. This work has some limitations. The most
important limitation is that the two-stream neural network used is not state-of-the-art due to the
limited computing facility used in the experiment and cannot produce the best results. Future
work could be focused on more powerful feature learning in deep neural networks and combining

decision fusion with feature fusion for further improving video classification performance.



Chapter 6

Combination of Feature and Decision

Fusion for Video Classification

It has been well-known that combining spatial and temporal information effectively is critical
in improving the performance of video classification. Information fusion is widely used to
combine sensory data, features, or decisions, and make use of the modality between different
features and classifiers for getting better results. The purpose of this chapter is to investigate
the effect of feature and decision level fusion on the final classification performance of multi-
stream neural networks used for video classification. The experimental results indicate that (1)
using both spatial and temporal features is necessary, but using temporal features as dominant
representations in conjunction with two distinct spatial features outperforms other combinations,
(ii) feature fusion involving RGB, HOG, and optical flow features outperforms other fusion
methods investigated in this chapter, (iii) the proposed multi-level decision fusion approach
achieves results comparable to those from to feature fusion, but has the advantage of lower
memory requirement and computational cost, and (iv) the combinations of feature and decision
fusion methods achieve performances close to that of decision-level methods and would be

improved further using different parameters and weights.

90
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6.1 Introduction

In recent years, autonomous action-based video analysis has been a popular research topic in
computer vision and pattern recognition. It has a variety of potential applications in the field of

content-based video retrieval.

Existing studies on video classification algorithms are primarily depend on data structures,
and algorithm optimisation is still primarily performed on computers with low computational
resources. Due to the increasing amount of data and data complexity, relying exclusively on
the algorithm and single-computer computing resources is insufficient. The usage of distributed
computing platforms to manage algorithms’ massive time and space complexity consumption in

big data environments has become a serious challenge.

With the development of deep learning and the trend in sharing large-scale labelled datasets,
many approaches have attempted to learn the semantic representation of videos using CNNs and
RNNs. However, one of the main concerns is how to merge appearance and motion information

in deep architectures, which is generally referred to as information fusion.

The main contribution of this work is to have proposed methods for decision and feature fusion
at different levels in multi-stream CNNs for video classification. This chapter is organised
as follows: Section provides an overview of the related work. Section describes the
methodology and the proposed architectures for feature and decision fusion at different stages,

Section [6.4] presents the results, and Section [6.5]draws conclusions.

6.2 Related Work

Recognising and classifying activities from video data has received significant research attention
in the disciplines of computer vision. One of the major tasks in action recognition from videos is
to create an effective video representation, which is usually based on feature extraction. Another

major task is to develop an effective approach for classification. Both feature extraction and
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classification can be carried out at multiple stages and could be combined in different manners.

CNN’s ability to extract features from raw data has been a key to the development of end-to-
end video classification techniques. Two important papers published in 2014 set the basis for
classification using deep learning. In action recognition, Karpathy et al. [80] and Simonyan and
Zisserman [81]] popularised single and two-stream networks. In comparison to multi-stream
networks, single-stream networks combine spatiotemporal and temporal variables and generally
ignore temporal features. Multi-stream networks evaluate spatial and temporal data independently

and combine the derived features from each stream to reach a final classification result.

Karpathy et al. [80] investigated how temporal data can be fused using a single-stream 2D CNN.
Simonyan and Zisserman [81]] proposed the two-stream CNN that involves spatial and temporal
networks which are merged by late fusion. The two-stream architecture has now been extended

by other researchers [83], 184, 85, 186, 187, [88I].

Combining spatial and temporal features has been a major problem for video classification.
Information fusion is commonly employed for video classification architectures at multiple
levels, including image, feature, and decision. The feature-level fusion process extracts correlated
features from the various modalities and thus identifies a prominent set of features capable
of improving recognition accuracy. It is frequently accomplished through the use of basic
operations such as concatenation, product and summation [[156, 157, 158]]. The decision-level
fusion combines multi decisions made by different classifiers at the highest level. Related work

on decision fusion for video classification is described in Chapter [5]

This study investigates how feature fusion and decision fusion affects the final prediction
performance without applying complex architectures. Several single and multi-stream neural
networks have been developed and novel combinations of feature and decision level fusion

approaches have been proposed for video classification.
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6.3 Methods

This section describes the architectures of the deep neural networks, the details of the feature
and decision fusion implementations and the evaluation method. ConvLSTM is used to create
the proposed networks since it outperformed the other architectures as presented in the previous
chapters. Moreover, 17 video classification architectures were implemented using a VGG-16
pre-trained neural network with three different input types: RGB frames, optical flows, and HOG

representations.

6.3.1 Network Architectures

In this study, several CNN-based network architectures were implemented containing single-
stream and multi-stream CNNs. Single-stream architecture is made of ConvLSTM architecture
used in the previous chapter and it is depicted in Fig.[6.1} whose input can be RGB frames (RGB),
optical flows (OF), and HOG features (HOG), separately.

In this study, the effect of different information fusion levels on the final decision in multi-stream
neural networks for video classification was investigated. Several deep classification designs
were proposed for the purpose of combining information from multiple sources such as different
inputs or classifiers. Two-stream architectures were constructed using two different input types:
RGB frames and optical flows (RGB-OF), RGB frames and HOG features (RGB-HOG), or HOG
features and optical flows (HOG-OF). Two-stream RGB-OF architecture is presented in Fig.[6.2]
Moreover, a three-stream neural network was implemented to test classification performance by

using all three input types (RGB-HOG-OF) as shown in Fig.[6.3]

Pretrai -
VGG-16-ConvLSTM nput | LreuainedVEEHOH | - ori L rci024 [l Fc101 | softmax || Output
Convolutional Base

Figure 6.1: The main architecture of the networks used in the experiments

Seventeen different architectures were implemented to compare classification performance using

either feature or decision fusion technique. All methods were evaluated on a holdout validation
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Figure 6.2: Two-stream CNN architecture used in the experiments with RGB frames and
optical flows. Two-stream architectures with one stream removed were also considered in the
experiments, as shown in Table[6.1]

dataset after every epoch and the performance of the methods were monitored based on the loss

during the training by using the early stopping technique.

The Cuda v.9.0 toolkit on NVIDIA TITAN X GPU was employed to optimise the VGG-16 based
CNN architectures implemented by using Tensorflow-gpu v.1.13 on the UCF-101 and KTH

datasets.

6.3.2 Decision Fusion

Two types of decision fusion-based classification architectures are presented: single-level and
multi-level. In the single-level architecture, depicted in Fig.[6.3] different inputs are transmitted
into the classifiers in each stream and the final decision is based on the average scores from those
streams. However, as illustrated in Fig.[6.4] the final decision is determined progressively based

on the scores acquired from each pair of inputs in the multi-level decision fusion architectures.

In this study, the spatial and temporal representations are fused in various architectures, which

are listed in Table [6.1] and the ultimate decision is made using the average function.

6.3.3 Feature Fusion

For single-level feature fusion, different inputs are fed into pre-trained VGG-16 neural networks,
respectively. The features extracted from each stream are then fused using the concatenation
technique. The combined features are used as an input of ConvLSTM as the final classifier,

as illustrated in Fig.[6.5] Four different single-level feature fusion architectures with different
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Figure 6.3: Single-level decision fusion architecture used in the experiments with RGB frames,
optical flows, and HOG features.
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Figure 6.4: Multi-level decision fusion architecture used in the experiments with RGB frames,
optical flows, and HOG features. Architectures with other combinations were also considered in
the experiments, as shown in Table @

Table 6.1: Decision fusion based architectures used in the experiments

Method Fusion Level Input

D-RGB-OF single-level ~ RGB-OF

D-RGB-HOG single-level ~RGB-HOG

D-HOG-OF single-level ~ HOG-OF

D-RGB-HOG-OF single-level ~ RBG-HOG-OF

DI multi-level D-RGB-OF and D-RGB-HOG
D2 multi-level D-RGB-OF and D-HOG-OF
D3 multi-level D-RGB-HOG and D-HOG-OF

combinations of input types were implemented in the experiments, as shown in Table[6.2]

The effect of combining feature and decision fusion in multi-stream neural networks for video
classification was also investigated in the experiments. Spatial and temporal representations are
fused by using feature fusion and then the softmax scores are combined based on the decision

fusion rule as depicted in Fig.[6.6] Three different architectures for combining feature fusion and
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Figure 6.5: Single-level feature fusion architecture used in the experiments with RGB frames,
optical flows, and HOG frames. Architectures with two input channels were also considered in
the experiments, as shown in Table @

Table 6.2: Feature fusion based architectures used in the experiments

Method Fusion Level Input

F-RGB-OF single-level ~ RGB-OF

F-RGB-HOG single-level RGB-HOG

F-HOG-OF single-level ~HOG-OF

F-RGB-HOG-OF single-level RBG-HOG-OF

FDI multi-level F-RGB-OF and F-RGB-HOG
FD2 multi-level F-RGB-OF and F-HOG-OF
FD3 multi-level F-RGB-HOG and F-HOG-OF

decision fusion were implemented, as shown in Table [6.2]
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Figure 6.6: Multi-stream network architecture used in the experiments combining multi-level
feature and decision fusion. Architectures with other combinations were also considered in the
experiments, as shown in Table @

6.3.4 Datasets and Evaluation

The UCF-101 and KTH datasets are utilised in this study to test neural network architectures

built for video classification. The UCF-101 dataset contains 13,320 clips with a resolution of
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240x360 pixels from 101 different classes while the KTH action recognition dataset contains
almost 2,300 video sequences representing six different types of human actions. The datasets are

described in detail in Chapter [2]

In the experiments, confusion matrices are produced for performance analysis and accuracy is
used for the comparison of the performances achieved by different architectures. 255 training,
validation, and testing accuracy scores have been collected with the three training-testing splits
released by the UCF-101 organisation (5 times per split and 15 times per classifier). Similarly,
204 accuracy scores have been collected with the official training, validation, and testing splits

of the KTH dataset (12 times per classifier).

The Kolmogorov-Smirnov [221] test was used to compare the observed cumulative distribution
to the cumulative distribution that would occur if the data were normally distributed. The Levene
statistic [222] reveals that variances of groups are homogeneous based on mean and median.
ANOVA test was also used to compare variance differences to see if the results were significant.
Finally, the Tukey’s HSD test was used to see if the means of the groups were different. The

results are summarised in the next section.

6.4 Results and Discussion

In this study, seventeen different CNN-based fusion architectures were designed and compared
for video classification. Twelve different experiments were undertaken for each architecture
on the KTH dataset (total 204 runs), whereas 15 experiments were conducted on the UCF-101
dataset (total 255 runs). After each run, training, validation and testing accuracy scores were

collected and the results are presented in this section.

Table |6.3| presents the average accuracy scores achieved by single-stream neural networks, RGB,
HOG, and OF, respectively, on the KTH and UCF-101 datasets. Interestingly, the OF architecture
achieved the greatest test accuracy score of 81.44% and 73.66% on the KTH and UCF-101,

respectively. Temporal network, OF, significantly outperforms the spatial networks, HOG and
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RGB, demonstrating the critical role of motion information in video classification. On the KTH
dataset, the HOG architecture outperformed the RGB architecture by nearly four percentage,
while its performance remained close to that of the RGB architecture on the UCF dataset. The
reason for this difference can be spatial differences between both datasets such as the number of

colour channels, action complexity, colour intensity, and other appearance related dynamics.

Table 6.3: Training, validation, and testing accuracy scores achieved by single-stream networks
on the KTH dataset

Method Dataset Training Accuracy Validation Accuracy Testing Accuracy

RGB KTH 87.18% 65.89% 73.07%
HOG KTH 92.40% 70.62% 77.93%
OF KTH 98.52% 73.41% 81.44%
RGB UCF 86.56% 68.77% 70.03%
HOG UCF 88.33% 68.21% 70.80%
OF UCF 93.81% 70.64% 73.66%

The performances achieved by the multi-stream neural network architectures are summarised in
Table[6.4] In general, single-level feature fusion based architectures outperformed the decision
fusion based architectures. In both architectures, the methods fed with optical flows and HOG
features, D-HOG-OF, D2, F-HOG-OF performed better than those with other feature pairs.
However, the highest classification performances were observed when fusing RGB, HOG, and
optical flow features together at feature-level with 84.10% on the KTH and 77.98% on the
UCF-101. This is followed by D2 where optical flow features are dominantly fused with both
RGB and HOG features. These results confirm that the use of temporal information is essential

in video classification.

As shown in Table[6.5] there was a statistically significant difference at the p < 0.05 level in test
accuracy scores achieved by the different fusion architectures on the KTH, F (16,187) = 85.239;
p = 0.001, and the UCF-101, F (16,238) = 209.524; p = 0.001. Additional comparisons were
performed using the Tukey’s HSD test. As illustrated in Tables [B.1{B.17|and [B.18}{B.34] (See in

Appendix [B)), the results demonstrated that there were significant differences in classification
performance across the majority of architectures (* indicates significant differences at the

0.05 level).
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Table 6.4: Classification accuracy achieved by multi-stream networks based on decision and
feature fusion

Method Fusion Level KTH Test Accuracy UCEF Test Accuracy
D-RGB-HOG single-level 78.24% 71.89%
D-RGB-OF single-level 81.83% 74.87%
D-HOG-OF single-level 82.91% 76.32%
D-RGB-HOG-OF  single-level 81.79% 75.89%
DI multi-level 79.78% 73.39%
D2 multi-level 83.68% 76.31%
D3 multi-level 80.90% 74.23%
F-RGB-HOG single-level 71.80% 73.34%
F-RGB-OF single-level 81.25% 74.89%
F-HOG-OF single-level 81.33% 75.79%
F-RGB-HOG-OF  single-level 84.10% 77.98%
FDI multi-level 80.75% 73.40%
FD2 multi-level 81.48% 75.16%
FD3 multi-level 82.25% 76.07%

Table 6.5: One-way between-groups ANOVA of performance achieved by different fusion
architectures on the KTH and UCF-101 datasets where d f, SS, MS and F refer to degrees of
freedom, sum of squares, mean sum of squares, and F score, respectively.

SS df MS F Sig.
KTH Between Groups 217 16 .014 85.239 .001
Within Groups .030 187 .000
Total 247 203
UCF Between Groups .105 16 .007 209.524 .001
Within Groups .007 238 .000
Total 113 254

Tables[6.6|and show which architecture pairs have significantly different means of the test
accuracy scores on the KTH and UCF-101 datasets. The post hoc test provides homogeneous
subset results, with the groups listed in ascending order of mean. The means in each subset
are not statistically different from one another. There are 17 groups in the factor, and their
dependent variable means were sorted according to their factor level, i.e., group F-RGB-HOG
and group RGB had the lowest mean, while group F-RGB-HOG-OF had the highest mean. There
are 8 different subsets on the KTH dataset while 10 on the UCF-101 dataset. On both datasets,
F-RGB-HOG-OF is significantly different from all other groups as it does not appear in a subset

together with any of the other groups.
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The proposed methods D2 and FD3 have achieved results comparable to the F-RGB-HOG-OF
method and they have the advantage of lower memory requirement and computational cost. The
results suggest that higher-dimensional feature vectors are advantageous and this approach may
benefit from dimensionality reduction. The accuracy scores achieved by the proposed methods
may be further improved by optimising the fusion algorithm such as using different weighting or
fusion techniques. However, conducting these experiments requires a significant allocation of

resources.

The combinations of combined multi-level feature and decision fusion architectures, FDI, FD?2,
and FD3, have achieved performances close to that achieved by either decision fusion methods
or feature fusion methods. There is no significant difference between any of these methods
on the KTH dataset whereas there is a significant difference between all combinations on the
UCF-101 dataset. Interestingly, the combined methods are not significantly different from either
their decision fusion or feature fusion streams. Unfortunately, combining feature fusion with
decision fusion did not work well as expected. In the experiments, all features are treated
equally and only concatenation and averaging were used to combine features and decisions. All
features are used in each combination, thus any of the combinations did not make a significant
difference. Based on the experimental results, it is expected that using different parameters and
weights for each feature would affect the performance of this proposed method. For example,
the rest of the results show that using optical flows in both streams can contribute to reach higher
prediction performance and giving higher weight to the optical flow features would improve the
performance further. According to confusion matrices, optical flow features helped to reduce the
confusion between similar action categories in spatial feature-based approaches. For example,
in the KTH dataset, action pairs having similar spatial features (hand waving-hand clapping,
running-jogging, and running-walking) had lower confusion between them when optical flow
features were employed. Optical flow extraction helped to differentiate those action pairs by
making use of temporal changes; therefore, optical flow-based architectures achieved better

classification performance than spatial feature-based architectures.
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Table 6.6: One-way between-groups ANOVA of performance achieved by different fusion

architectures on the KTH dataset

Method 1 2 3 4 5 6 7 8
F-RGB-HOG 71.80%

RGB 73.07%

HOG 77.93%

D-RGB-HOG 78.24%  78.24%

D1 79.718%  79.78%

FD1 80.75% 80.75%

D3 80.90% 80.90%

F-RGB-OF 81.25% 81.25% 81.25%

F-HOG-OF 81.33% 81.33% 81.33%

OF 81.44% 81.44% 81.44%

FD2 81.48% 81.48% 81.48%

D-RGB-HOG-OF 81.79% 81.79%

D-RGB-OF 81.83% 81.83%

FD3 82.25% 82.25% 82.25%
D-HOG-OF 8291% 8291% 8291%
D2 83.68% 83.68%
F-RGB-HOG-OF 84.10%
Sig. 0.527 1.000 0.197 0.092 0.233 0.113 0.318 0.638

Table 6.7: One-way between-groups ANOVA of performance achieved by different fusion

architectures on the UCF-101 dataset

Method 1 2 3

RGB 70.03%

HOG 70.80%
D-RGB-HOG 71.89%
F-RGB-HOG

D1

FD1

OF

D3

D-RGB-OF

F-RGB-OF

FD2

F-HOG-OF

D-RGB-HOG-OF

FD3

D2

D-HOG-OF

F-RGB-HOG-OF

73.34%
73.39%
73.40%
73.66%

73.66%
74.23%

74.23%
74.87%
74.89%

74.87%
74.89%

75.16%  75.16%
75.79%

75.79%
75.89%
76.07%
76.31%
76.32%

77.98%

Sig. 1.000 1.000 1.000

0.980

0.296

0.115

0.991

0.157

0.449

1.000

In this research, the commonly used averaging technique is used to combine different softmax

scores for decision fusion whilst the concatenation technique is used to combine features for

feature fusion. There have been many techniques proposed for both decision fusion and feature

fusion in video classification, as summarised in Chapter[2]and [5] Other fusion approaches can

be used to further increase the performance of the proposed architectures in this study. For

example, in two-stream neural networks, the asymmetrical multiplication method proposed in
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Chapter [3] for decision fusion significantly outperformed the average method. Although the
asymmetrical multiplication was evaluated on only two-stream neural networks, it might improve
the performance of decision fusion in multi-stream neural networks as well. Similarly, weighted
averaging can enhance the performance of architectures based on feature fusion. In this study,
alternative fusion techniques were not included due to the limited time and resources, which is

an important topic for future research.

6.5 Conclusion

This chapter proposes feature and decision fusion methods in multi-stream neural networks
for video classification. In contrast to single-stream approaches that take either spatial or
temporal inputs, the proposed multi-stream fusion approaches take the advantage of aggregating
both spatial and temporal features at different levels. When comparing feature-level fusion
versus decision-level fusion algorithms, the feature-level fusion algorithm has a better chance
of achieving superior results. Fusion at the feature-level is expected to outperform fusion at
the decision-level in terms of performance. The experimental results show that the highest
accuracy score was achieved by feature fusion containing all features; however, the proposed
multi-stream decision fusion method achieved comparable results with the advantage of lower
memory requirement and computational cost. Due to the modalities’ unique features, the above-
mentioned features may not be compatible in many cases. Feature concatenation may also result
in a feature vector with an extremely high dimension. Complex classifier design may be required
to handle the concatenated data set at the feature-level of operation. Therefore, decision-level

fusion approaches are more likely to be practical.
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Conclusions

In this thesis, several novel methods for video classification, specifically human action recognition,
were proposed and evaluated. The details of the proposed methods are presented in the previous
chapters. To conclude the thesis, this chapter summarises research contributions in Section [/.1

and discuss limitations and the directions for the possible future work in Section

7.1 Contributions

The thesis work aims at developing new deep learning methods for video classification. This
research has made several contributions to the relevant field and the main contributions of this

research can be summarised as follows.

Firstly, a comprehensive review of the state-of-the-art methods was conducted. This study
contributes to our understanding of video scene understanding involving preprocessing, feature
extraction, classification and information fusion. The key findings and analyses related to video

classification are presented in Chapter 2]

Secondly, a novel video classification architecture was proposed involving spatial and temporal
features extracted by using the transfer learning technique. In this work, seven different network
architectures involving different RNNs were developed by either using local or global features.

The experimental results indicated that integrating pre-trained CNN with ConvLSTM achieves

103
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the highest performance for video classification among the seven network architectures tested,
highlighting the important role of effective spatiotemporal information integration in video
classification. This research also provided an optimised network baseline for the remaining

experimental works in this thesis.

Thirdly, a novel action template-based keyframe extraction method was developed by using the
visual similarity between consecutive frames. This approach considers the similarity between
two action regions rather than whole frames. To achieve this, an action template is detected
automatically and similarity is taken into account to extract keyframes. The proposed method was
compared with two well-known keyframe extraction methods. The results demonstrate that the
proposed keyframe extraction method can select informative frames reliably and thus significantly
improve the performance of deep neural network architectures for video classification. This
study also showed that when finding the relevant area using the extracted action template the
proposed method successfully extracts proper keyframes from human action videos for video

classification using deep neural networks.

Fourthly, a novel asymmetrical multiplication function was proposed for decision-level fusion in
two-stream neural networks. The proposed asymmetrical multiplication function outperformed
the other three approaches tested in this study, outperforming both the well-known Mycin method
and the widely utilised averaging method. The findings of this research showed that using both
spatial and temporal information is essential, but spatial information can be dominant in two-

stream neural networks.

Finally, a comprehensive investigation on how to combine feature and decision fusion in multi-
stream neural networks was conducted involving seventeen different classification architectures.
In this research, multi-level feature and decision fusion methods were also proposed to improve
classification performance. Although feature fusion using three different feature types outperformed
the other architectures, the proposed combination method has achieved a comparable result with

the advantage of lower memory requirement and computational cost. The results also indicated
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that using temporal information as dominant along with different spatial features helped to make

a better prediction in multi-level fusion architectures.

7.2 Limitations and Future Work

Whilst the thesis has successfully demonstrated that the proposed methods outperformed the
existing approaches, some limitations need to be acknowledged. The major limitations of this
study are due to limited time and hardware resources. Training and optimising deep neural
networks require a long time on video datasets. Deep networks have millions of parameters and
the classification architectures used in this thesis are optimised based on cross-validation using
a limited set of hyper-parameter values (selected by roughly partitioning the hyper-parameter
space). Moreover, there are several techniques available to accelerate the training process and
make it more efficient, but these techniques require training on GPUs. However, we had restricted
access to GPUs during the experiments. It is unfortunate that the study did not include multiple
GPUs and larger datasets. Considering the complex dimension of video data, experiments also

require larger memory capacities thus different batch sizes could not be used during the research.

Another limitation with the current study is that CNN architectures used in the evaluation of
the proposed methods were not state-of-the-art architectures. Although they outperformed the
existing methods under the same experimental conditions, they did not produce the best results
in the literature. The current state-of-the-art methods on the UCF-101 dataset are achieved
by SMART [100], OmniSource [99], and PERT [113] networks with 96% accuracy whereas
the highest performance recorded on the KTH dataset is 98.2% [171]]. The scope of this study
was limited in terms of comparing the proposed methods with the existing approaches rather
than achieving state-of-the-art results. Thus, future work could focus on the application of the

proposed algorithm to real-world video classification using more powerful architectures.

Multi-stream neural networks used in this study require pre-computing the optical flow representations.
The use of optical flows improves the classification performance; however, it also limits the

application of these architectures in real-time.
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The proposed method for combining feature and decision fusion in multi-stream neural networks
is limited with two fusion techniques: concatenation and averaging. Other fusion methods were
not included during the experiments due to the limited computing facility. Using other fusion
techniques can improve the classification performance, thus future work could be focused on the

extension of this research using more powerful fusion approaches.

The proposed methods in this thesis were evaluated on the same datasets. The KTH dataset
focuses on the detection of only one action event for a single person in a video and the UCF-
101 dataset consists of multiple people in some videos acting only the same action. However,
real-world video data can include multiple people performing different actions at the same time.
Similar to most of the related work, this research focused on single action recognition from the
videos rather than the recognition of multiple actions performed by more than one person at
the same time. In the future, the proposed methods can be improved by detecting and tracking
multiple people appearing in the scene and eventually recognising their actions. We also intend
to test the proposed methods using larger pre-trained neural networks on multiple datasets in the

future to determine whether performance improves or remains the same.

The proposed action template-based keyframe extraction method showed high accuracy in action
recognition on the KTH and UCF-101 datasets. This method has the potential to be developed
and applied to a variety of other video-based tasks in future including emotion recognition,
pedestrian detection, vehicle detection, abnormal behaviour detection, video summarization, etc.
The proposed keyframe extraction method would provide further development for video-based

models and approaches.

Most of the available deep learning-based video classification methods are not appropriate for
real-time classification. It is essential that the existing methods must be extended to be applicable
in real-time applications. We plan to make the required update on the proposed methods to make

them appropriate for real-time video classification.
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By addressing the aforementioned limitations and obtaining answers to relevant concerns, the

proposed approaches in this thesis will be greatly improved. These concerns should be addressed

properly in future studies.
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Appendix B

Post Hoc Comparisons

This section presents the Tukey’s HSD test results analysed in Chapter 6 (* indicates significant

differences at the 0.05 level in the Mean Difference column of the following tables).
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Table B.1: Post hoc comparisons using Tukey’s HSD - RGB on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
HOG -.0486111109167* 0.0052 | 0.000 -0.0667 -0.0305
OF -.0837191357500%* 0.0052 | 0.000 -0.1018 -0.0657
D-RGB-HOG -.0516975308333* 0.0052 | 0.000 -0.0698 -0.0336
D-RGB-OF -.0875771604167* 0.0052 | 0.000 -0.1056 -0.0695
D-HOG-OF -.0983796294167* 0.0052 | 0.000 -0.1164 -0.0803
D-RGB-HOG-OF -.0871913578333* 0.0052 | 0.000 -0.1053 -0.0691
D1 -.0671296295000* 0.0052 | 0.000 -0.0852 -0.0491
D2 -.1060956788333* 0.0052 | 0.000 -0.1242 -0.0880
D3 -.0783179011667* 0.0052 | 0.000 -0.0964 -0.0603
F-RGB-HOG 0.0127314817500 0.0052 | 0.527 -0.0053 0.0308
F-RGB-OF -.0817901233333* 0.0052 | 0.000 -0.0999 -0.0637
F-HOG-OF -.0825617283333* 0.0052 | 0.000 -0.1006 -0.0645
F-RGB-HOG-OF -.1103395060833* 0.0052 | 0.000 -0.1284 -0.0923
FD1 -.0767746911667* 0.0052 | 0.000 -0.0948 -0.0587
FD2 -.0841049382500%* 0.0052 | 0.000 -0.1022 -0.0660
FD3 -.0918209875000%* 0.0052 | 0.000 -0.1099 -0.0738

Table B.2: Post hoc comparisons using Tukey’s HSD - HOG on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0486111109167* 0.0052 | 0.000 0.0305 0.0667
OF -.0351080248333* 0.0052 | 0.000 -0.0532 -0.0170
D-RGB-HOG -0.0030864199167 0.0052 | 1.000 -0.0212 0.0150
D-RGB-OF -.0389660495000* 0.0052 | 0.000 -0.0570 -0.0209
D-HOG-OF -.0497685185000* 0.0052 | 0.000 -0.0678 -0.0317
D-RGB-HOG-OF -.0385802469167* 0.0052 | 0.000 -0.0566 -0.0205
D1 -.0185185185833* 0.0052 | 0.038 -0.0366 -0.0005
D2 -.0574845679167* 0.0052 | 0.000 -0.0756 -0.0394
D3 -.0297067902500* 0.0052 | 0.000 -0.0478 -0.0116
F-RGB-HOG .0613425926667* 0.0052 | 0.000 0.0433 0.0794
F-RGB-OF -.0331790124167* 0.0052 | 0.000 -0.0512 -0.0151
F-HOG-OF -.0339506174167* 0.0052 | 0.000 -0.0520 -0.0159
F-RGB-HOG-OF -.0617283951667* 0.0052 | 0.000 -0.0798 -0.0437
FD1 -.0281635802500* 0.0052 | 0.000 -0.0462 -0.0101
FD2 -.0354938273333* 0.0052 | 0.000 -0.0536 -0.0174
FD3 -.0432098765833* 0.0052 | 0.000 -0.0613 -0.0251
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Table B.3: Post hoc comparisons using Tukey’s HSD - OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0837191357500%* 0.0052 | 0.000 0.0657 0.1018
HOG .0351080248333* 0.0052 | 0.000 0.0170 0.0532
D-RGB-HOG .0320216049167* 0.0052 | 0.000 0.0140 0.0501
D-RGB-OF -0.0038580246667 0.0052 | 1.000 -0.0219 0.0142
D-HOG-OF -0.0146604936667 0.0052 | 0.274 -0.0327 0.0034
D-RGB-HOG-OF -0.0034722220833 0.0052 | 1.000 -0.0215 0.0146
D1 0.0165895062500 0.0052 | 0.113 -0.0015 0.0347
D2 -.0223765430833* 0.0052 | 0.003 -0.0404 -0.0043
D3 0.0054012345833 0.0052 | 1.000 -0.0127 0.0235
F-RGB-HOG .0964506175000%* 0.0052 | 0.000 0.0784 0.1145
F-RGB-OF 0.0019290124167 0.0052 | 1.000 -0.0161 0.0200
F-HOG-OF 0.0011574074167 0.0052 | 1.000 -0.0169 0.0192
F-RGB-HOG-OF -.0266203703333* 0.0052 | 0.000 -0.0447 -0.0086
FD1 0.0069444445833 0.0052 | 0.995 -0.0111 0.0250
FD2 -0.0003858025000 0.0052 | 1.000 -0.0185 0.0177
FD3 -0.0081018517500 0.0052 | 0.978 -0.0262 0.0100

Table B.4: Post hoc comparisons using Tukey’s HSD - D-RGB-HOG on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0516975308333* 0.0052 | 0.000 0.0336 0.0698
HOG 0.0030864199167 0.0052 | 1.000 -0.0150 0.0212
OF -.0320216049167* 0.0052 | 0.000 -0.0501 -0.0140
D-RGB-OF -.0358796295833* 0.0052 | 0.000 -0.0539 -0.0178
D-HOG-OF -.0466820985833* 0.0052 | 0.000 -0.0647 -0.0286
D-RGB-HOG-OF -.0354938270000* 0.0052 | 0.000 -0.0536 -0.0174
D1 -0.0154320986667 0.0052 | 0.197 -0.0335 0.0026
D2 -.0543981480000* 0.0052 | 0.000 -0.0725 -0.0363
D3 -.0266203703333* 0.0052 | 0.000 -0.0447 -0.0086
F-RGB-HOG .0644290125833* 0.0052 | 0.000 0.0464 0.0825
F-RGB-OF -.0300925925000* 0.0052 | 0.000 -0.0482 -0.0120
F-HOG-OF -.0308641975000%* 0.0052 | 0.000 -0.0489 -0.0128
F-RGB-HOG-OF -.0586419752500* 0.0052 | 0.000 -0.0767 -0.0406
FD1 -.0250771603333* 0.0052 | 0.000 -0.0431 -0.0070
FD2 -.0324074074167* 0.0052 | 0.000 -0.0505 -0.0143
FD3 -.0401234566667* 0.0052 | 0.000 -0.0582 -0.0221
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Table B.5: Post hoc comparisons using Tukey’s HSD - D-RGB-OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0875771604167* 0.0052 | 0.000 0.0695 0.1056
HOG .0389660495000%* 0.0052 | 0.000 0.0209 0.0570
OF 0.0038580246667 0.0052 | 1.000 -0.0142 0.0219
D-RGB-HOG .0358796295833* 0.0052 | 0.000 0.0178 0.0539
D-HOG-OF -0.0108024690000 0.0052 | 0.791 -0.0289 0.0073
D-RGB-HOG-OF 0.0003858025833 0.0052 | 1.000 -0.0177 0.0185
D1 .0204475309167* 0.0052 | 0.011 0.0024 0.0385
D2 -.0185185184167* 0.0052 | 0.038 -0.0366 -0.0005
D3 0.0092592592500 0.0052 | 0.929 -0.0088 0.0273
F-RGB-HOG .1003086421667* 0.0052 | 0.000 0.0822 0.1184
F-RGB-OF 0.0057870370833 0.0052 | 0.999 -0.0123 0.0239
F-HOG-OF 0.0050154320833 0.0052 | 1.000 -0.0131 0.0231
F-RGB-HOG-OF -.0227623456667* 0.0052 | 0.002 -0.0408 -0.0047
FD1 0.0108024692500 0.0052 | 0.791 -0.0073 0.0289
FD2 0.0034722221667 0.0052 | 1.000 -0.0146 0.0215
FD3 -0.0042438270833 0.0052 | 1.000 -0.0223 0.0138

Table B.6: Post hoc comparisons using Tukey’s HSD -

D-HOG-OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0983796294167* 0.0052 | 0.000 0.0803 0.1164
HOG .0497685185000* 0.0052 | 0.000 0.0317 0.0678
OF 0.0146604936667 0.0052 | 0.274 -0.0034 0.0327
D-RGB-HOG .0466820985833* 0.0052 | 0.000 0.0286 0.0647
D-RGB-OF 0.0108024690000 0.0052 | 0.791 -0.0073 0.0289
D-RGB-HOG-OF 0.0111882715833 0.0052 | 0.744 -0.0069 0.0293
D1 .0312499999167* 0.0052 | 0.000 0.0132 0.0493
D2 -0.0077160494167 0.0052 | 0.986 -0.0258 0.0103
D3 .0200617282500* 0.0052 | 0.014 0.0020 0.0381
F-RGB-HOG A111111111667%* 0.0052 | 0.000 0.0930 0.1292
F-RGB-OF 0.0165895060833 0.0052 | 0.113 -0.0015 0.0347
F-HOG-OF 0.0158179010833 0.0052 | 0.165 -0.0022 0.0339
F-RGB-HOG-OF -0.0119598766667 0.0052 | 0.638 -0.0300 0.0061
FD1 .0216049382500* 0.0052 | 0.005 0.0035 0.0397
FD2 0.0142746911667 0.0052 | 0.318 -0.0038 0.0323
FD3 0.0065586419167 0.0052 | 0.998 -0.0115 0.0246
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Table B.7: Post hoc comparisons using Tukey’s HSD - D-RGB-HOG-OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0871913578333* 0.0052 | 0.000 0.0691 0.1053
HOG .0385802469167* 0.0052 | 0.000 0.0205 0.0566
OF 0.0034722220833 0.0052 | 1.000 -0.0146 0.0215
D-RGB-HOG .0354938270000%* 0.0052 | 0.000 0.0174 0.0536
D-RGB-OF -0.0003858025833 0.0052 | 1.000 -0.0185 0.0177
D-HOG-OF -0.0111882715833 0.0052 | 0.744 -0.0293 0.0069
D1 .0200617283333* 0.0052 | 0.014 0.0020 0.0381
D2 -.0189043210000%* 0.0052 | 0.030 -0.0370 -0.0008
D3 0.0088734566667 0.0052 | 0.950 -0.0092 0.0269
F-RGB-HOG .0999228395833* 0.0052 | 0.000 0.0819 0.1180
F-RGB-OF 0.0054012345000 0.0052 | 1.000 -0.0127 0.0235
F-HOG-OF 0.0046296295000 0.0052 | 1.000 -0.0134 0.0227
F-RGB-HOG-OF -.0231481482500%* 0.0052 | 0.001 -0.0412 -0.0051
FD1 0.0104166666667 0.0052 | 0.834 -0.0076 0.0285
FD2 0.0030864195833 0.0052 | 1.000 -0.0150 0.0212
FD3 -0.0046296296667 0.0052 | 1.000 -0.0227 0.0134

Table B.8: Post hoc comparisons using Tukey’s HSD - DI on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0671296295000%* 0.0052 | 0.000 0.0491 0.0852
HOG .0185185185833* 0.0052 | 0.038 0.0005 0.0366
OF -0.0165895062500 0.0052 | 0.113 -0.0347 0.0015
D-RGB-HOG 0.0154320986667 0.0052 | 0.197 -0.0026 0.0335
D-RGB-OF -.0204475309167* 0.0052 | 0.011 -0.0385 -0.0024
D-HOG-OF -.0312499999167* 0.0052 | 0.000 -0.0493 -0.0132
D-RGB-HOG-OF -.0200617283333* 0.0052 | 0.014 -0.0381 -0.0020
D2 -.0389660493333* 0.0052 | 0.000 -0.0570 -0.0209
D3 -0.0111882716667 0.0052 | 0.744 -0.0293 0.0069
F-RGB-HOG .0798611112500%* 0.0052 | 0.000 0.0618 0.0979
F-RGB-OF -0.0146604938333 0.0052 | 0.274 -0.0327 0.0034
F-HOG-OF -0.0154320988333 0.0052 | 0.197 -0.0335 0.0026
F-RGB-HOG-OF -.0432098765833* 0.0052 | 0.000 -0.0613 -0.0251
FD1 -0.0096450616667 0.0052 | 0.903 -0.0277 0.0084
FD2 -0.0169753087500 0.0052 | 0.092 -0.0350 0.0011
FD3 -.0246913580000* 0.0052 | 0.000 -0.0428 -0.0066
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Table B.9: Post hoc comparisons using Tukey’s HSD - D2 on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .1060956788333* 0.0052 | 0.000 0.0880 0.1242
HOG .0574845679167* 0.0052 | 0.000 0.0394 0.0756
OF .0223765430833* 0.0052 | 0.003 0.0043 0.0404
D-RGB-HOG .0543981480000* 0.0052 | 0.000 0.0363 0.0725
D-RGB-OF .0185185184167* 0.0052 | 0.038 0.0005 0.0366
D-HOG-OF 0.0077160494167 0.0052 | 0.986 -0.0103 0.0258
D-RGB-HOG-OF .0189043210000%* 0.0052 | 0.030 0.0008 0.0370
D1 .0389660493333* 0.0052 | 0.000 0.0209 0.0570
D3 .0277777776667* 0.0052 | 0.000 0.0097 0.0458
F-RGB-HOG .1188271605833* 0.0052 | 0.000 0.1008 0.1369
F-RGB-OF .0243055555000%* 0.0052 | 0.001 0.0062 0.0424
F-HOG-OF .0235339505000%* 0.0052 | 0.001 0.0055 0.0416
F-RGB-HOG-OF -0.0042438272500 0.0052 | 1.000 -0.0223 0.0138
FD1 .0293209876667* 0.0052 | 0.000 0.0113 0.0474
FD2 .0219907405833* 0.0052 | 0.004 0.0039 0.0401
FD3 0.0142746913333 0.0052 | 0.318 -0.0038 0.0323

Table B.10: Post hoc comparisons using Tukey’s HSD - D3 on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0783179011667* 0.0052 | 0.000 0.0603 0.0964
HOG .0297067902500* 0.0052 | 0.000 0.0116 0.0478
OF -0.0054012345833 0.0052 | 1.000 -0.0235 0.0127
D-RGB-HOG .0266203703333* 0.0052 | 0.000 0.0086 0.0447
D-RGB-OF -0.0092592592500 0.0052 | 0.929 -0.0273 0.0088
D-HOG-OF -.0200617282500* 0.0052 | 0.014 -0.0381 -0.0020
D-RGB-HOG-OF -0.0088734566667 0.0052 | 0.950 -0.0269 0.0092
D1 0.0111882716667 0.0052 | 0.744 -0.0069 0.0293
D2 -.0277777776667* 0.0052 | 0.000 -0.0458 -0.0097
F-RGB-HOG .0910493829167* 0.0052 | 0.000 0.0730 0.1091
F-RGB-OF -0.0034722221667 0.0052 | 1.000 -0.0215 0.0146
F-HOG-OF -0.0042438271667 0.0052 | 1.000 -0.0223 0.0138
F-RGB-HOG-OF -.0320216049167* 0.0052 | 0.000 -0.0501 -0.0140
FD1 0.0015432100000 0.0052 | 1.000 -0.0165 0.0196
FD2 -0.0057870370833 0.0052 | 0.999 -0.0239 0.0123
FD3 -0.0135030863333 0.0052 | 0.417 -0.0316 0.0046
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Table B.11: Post hoc comparisons using Tukey’s HSD - F-RGB-HOG on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB -0.0127314817500 0.0052 | 0.527 -0.0308 0.0053
HOG -.0613425926667* 0.0052 | 0.000 -0.0794 -0.0433
OF -.0964506175000%* 0.0052 | 0.000 -0.1145 -0.0784
D-RGB-HOG -.0644290125833* 0.0052 | 0.000 -0.0825 -0.0464
D-RGB-OF -.1003086421667* 0.0052 | 0.000 -0.1184 -0.0822
D-HOG-OF - 1111111111667* 0.0052 | 0.000 -0.1292 -0.0930
D-RGB-HOG-OF -.0999228395833* 0.0052 | 0.000 -0.1180 -0.0819
D1 -.0798611112500%* 0.0052 | 0.000 -0.0979 -0.0618
D2 -.1188271605833* 0.0052 | 0.000 -0.1369 -0.1008
D3 -.0910493829167* 0.0052 | 0.000 -0.1091 -0.0730
F-RGB-OF -.0945216050833* 0.0052 | 0.000 -0.1126 -0.0765
F-HOG-OF -.0952932100833* 0.0052 | 0.000 -0.1134 -0.0772
F-RGB-HOG-OF -.1230709878333* 0.0052 | 0.000 -0.1411 -0.1050
FD1 -.0895061729167* 0.0052 | 0.000 -0.1076 -0.0714
FD2 -.0968364200000%* 0.0052 | 0.000 -0.1149 -0.0788
FD3 -.1045524692500%* 0.0052 | 0.000 -0.1226 -0.0865

Table B.12: Post hoc comparisons using Tukey’s HSD - F-RGB-OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0817901233333* 0.0052 | 0.000 0.0637 0.0999
HOG .0331790124167* 0.0052 | 0.000 0.0151 0.0512
OF -0.0019290124167 0.0052 | 1.000 -0.0200 0.0161
D-RGB-HOG .0300925925000* 0.0052 | 0.000 0.0120 0.0482
D-RGB-OF -0.0057870370833 0.0052 | 0.999 -0.0239 0.0123
D-HOG-OF -0.0165895060833 0.0052 | 0.113 -0.0347 0.0015
D-RGB-HOG-OF -0.0054012345000 0.0052 | 1.000 -0.0235 0.0127
D1 0.0146604938333 0.0052 | 0.274 -0.0034 0.0327
D2 -.0243055555000* 0.0052 | 0.001 -0.0424 -0.0062
D3 0.0034722221667 0.0052 | 1.000 -0.0146 0.0215
F-RGB-HOG .0945216050833* 0.0052 | 0.000 0.0765 0.1126
F-HOG-OF -0.0007716050000 0.0052 | 1.000 -0.0188 0.0173
F-RGB-HOG-OF -.0285493827500* 0.0052 | 0.000 -0.0466 -0.0105
FD1 0.0050154321667 0.0052 | 1.000 -0.0131 0.0231
FD2 -0.0023148149167 0.0052 | 1.000 -0.0204 0.0158
FD3 -0.0100308641667 0.0052 | 0.871 -0.0281 0.0080
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Table B.13: Post hoc comparisons using Tukey’s HSD - F-HOG-OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0825617283333* 0.0052 | 0.000 0.0645 0.1006
HOG .0339506174167* 0.0052 | 0.000 0.0159 0.0520
OF -0.0011574074167 0.0052 | 1.000 -0.0192 0.0169
D-RGB-HOG .0308641975000%* 0.0052 | 0.000 0.0128 0.0489
D-RGB-OF -0.0050154320833 0.0052 | 1.000 -0.0231 0.0131
D-HOG-OF -0.0158179010833 0.0052 | 0.165 -0.0339 0.0022
D-RGB-HOG-OF -0.0046296295000 0.0052 | 1.000 -0.0227 0.0134
D1 0.0154320988333 0.0052 | 0.197 -0.0026 0.0335
D2 -.0235339505000%* 0.0052 | 0.001 -0.0416 -0.0055
D3 0.0042438271667 0.0052 | 1.000 -0.0138 0.0223
F-RGB-HOG .0952932100833* 0.0052 | 0.000 0.0772 0.1134
F-RGB-OF 0.0007716050000 0.0052 | 1.000 -0.0173 0.0188
F-RGB-HOG-OF -.0277777777500%* 0.0052 | 0.000 -0.0458 -0.0097
FD1 0.0057870371667 0.0052 | 0.999 -0.0123 0.0239
FD2 -0.0015432099167 0.0052 | 1.000 -0.0196 0.0165
FD3 -0.0092592591667 0.0052 | 0.929 -0.0273 0.0088

Table B.14: Post hoc comparisons using Tukey’s HSD - F-RGB-HOG-OF on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .1103395060833* 0.0052 | 0.000 0.0923 0.1284
HOG .0617283951667* 0.0052 | 0.000 0.0437 0.0798
OF .0266203703333* 0.0052 | 0.000 0.0086 0.0447
D-RGB-HOG .0586419752500* 0.0052 | 0.000 0.0406 0.0767
D-RGB-OF .0227623456667* 0.0052 | 0.002 0.0047 0.0408
D-HOG-OF 0.0119598766667 0.0052 | 0.638 -0.0061 0.0300
D-RGB-HOG-OF .0231481482500* 0.0052 | 0.001 0.0051 0.0412
D1 .0432098765833* 0.0052 | 0.000 0.0251 0.0613
D2 0.0042438272500 0.0052 | 1.000 -0.0138 0.0223
D3 .0320216049167* 0.0052 | 0.000 0.0140 0.0501
F-RGB-HOG .1230709878333* 0.0052 | 0.000 0.1050 0.1411
F-RGB-OF .0285493827500%* 0.0052 | 0.000 0.0105 0.0466
F-HOG-OF .0277777777500% 0.0052 | 0.000 0.0097 0.0458
FD1 .0335648149167* 0.0052 | 0.000 0.0155 0.0516
FD2 .0262345678333* 0.0052 | 0.000 0.0082 0.0443
FD3 .0185185185833* 0.0052 | 0.038 0.0005 0.0366
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Table B.15: Post hoc comparisons using Tukey’s HSD - FD1I on the KTH Dataset
(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB 0767746911667* 0.0052 | 0.000 0.0587 0.0948
HOG .0281635802500* 0.0052 | 0.000 0.0101 0.0462
OF -0.0069444445833 0.0052 | 0.995 -0.0250 0.0111
D-RGB-HOG .0250771603333* 0.0052 | 0.000 0.0070 0.0431
D-RGB-OF -0.0108024692500 0.0052 | 0.791 -0.0289 0.0073
D-HOG-OF -.0216049382500%* 0.0052 | 0.005 -0.0397 -0.0035
D-RGB-HOG-OF -0.0104166666667 0.0052 | 0.834 -0.0285 0.0076
D1 0.0096450616667 0.0052 | 0.903 -0.0084 0.0277
D2 -.0293209876667* 0.0052 | 0.000 -0.0474 -0.0113
D3 -0.0015432100000 0.0052 | 1.000 -0.0196 0.0165
F-RGB-HOG .0895061729167* 0.0052 | 0.000 0.0714 0.1076
F-RGB-OF -0.0050154321667 0.0052 | 1.000 -0.0231 0.0131
F-HOG-OF -0.0057870371667 0.0052 | 0.999 -0.0239 0.0123
F-RGB-HOG-OF -.0335648149167* 0.0052 | 0.000 -0.0516 -0.0155
FD2 -0.0073302470833 0.0052 | 0.992 -0.0254 0.0107
FD3 -0.0150462963333 0.0052 | 0.233 -0.0331 0.0030

Table B.16: Post hoc comparisons using Tukey’s HSD - FD2 on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0841049382500* 0.0052 | 0.000 0.0660 0.1022
HOG .0354938273333* 0.0052 | 0.000 0.0174 0.0536
OF 0.0003858025000 0.0052 | 1.000 -0.0177 0.0185
D-RGB-HOG .0324074074167* 0.0052 | 0.000 0.0143 0.0505
D-RGB-OF -0.0034722221667 0.0052 | 1.000 -0.0215 0.0146
D-HOG-OF -0.0142746911667 0.0052 | 0.318 -0.0323 0.0038
D-RGB-HOG-OF -0.0030864195833 0.0052 | 1.000 -0.0212 0.0150
D1 0.0169753087500 0.0052 | 0.092 -0.0011 0.0350
D2 -.0219907405833* 0.0052 | 0.004 -0.0401 -0.0039
D3 0.0057870370833 0.0052 | 0.999 -0.0123 0.0239
F-RGB-HOG .0968364200000* 0.0052 | 0.000 0.0788 0.1149
F-RGB-OF 0.0023148149167 0.0052 | 1.000 -0.0158 0.0204
F-HOG-OF 0.0015432099167 0.0052 | 1.000 -0.0165 0.0196
F-RGB-HOG-OF -.0262345678333* 0.0052 | 0.000 -0.0443 -0.0082
FD1 0.0073302470833 0.0052 | 0.992 -0.0107 0.0254
FD3 -0.0077160492500 0.0052 | 0.986 -0.0258 0.0103
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Table B.17: Post hoc comparisons using Tukey’s HSD - FD3 on the KTH Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0918209875000%* 0.0052 | 0.000 0.0738 0.1099
HOG .0432098765833* 0.0052 | 0.000 0.0251 0.0613
OF 0.0081018517500 0.0052 | 0.978 -0.0100 0.0262
D-RGB-HOG .0401234566667* 0.0052 | 0.000 0.0221 0.0582
D-RGB-OF 0.0042438270833 0.0052 | 1.000 -0.0138 0.0223
D-HOG-OF -0.0065586419167 0.0052 | 0.998 -0.0246 0.0115
D-RGB-HOG-OF 0.0046296296667 0.0052 | 1.000 -0.0134 0.0227
D1 .0246913580000%* 0.0052 | 0.000 0.0066 0.0428
D2 -0.0142746913333 0.0052 | 0.318 -0.0323 0.0038
D3 0.0135030863333 0.0052 | 0.417 -0.0046 0.0316
F-RGB-HOG .1045524692500%* 0.0052 | 0.000 0.0865 0.1226
F-RGB-OF 0.0100308641667 0.0052 | 0.871 -0.0080 0.0281
F-HOG-OF 0.0092592591667 0.0052 | 0.929 -0.0088 0.0273
F-RGB-HOG-OF -.0185185185833* 0.0052 | 0.038 -0.0366 -0.0005
FD1 0.0150462963333 0.0052 | 0.233 -0.0030 0.0331
FD2 0.0077160492500 0.0052 | 0.986 -0.0103 0.0258

Table B.18: Post hoc comparisons using Tukey’s HSD - RGB on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
HOG -.0077559010000%* 0.0020 | 0.019 -0.0149 -0.0006
OF -.0363207498000* 0.0020 | 0.000 -0.0435 -0.0292
D-RGB-HOG -.0186848517333* 0.0020 | 0.000 -0.0258 -0.0115
D-RGB-OF -.0484082766000* 0.0020 | 0.000 -0.0556 -0.0413
D-HOG-OF -.0629146365333* 0.0020 | 0.000 -0.0701 -0.0558
D-RGB-HOG-OF -.0586025134667* 0.0020 | 0.000 -0.0658 -0.0515
D1 -.0336291850667* 0.0020 | 0.000 -0.0408 -0.0265
D2 -.0628224690667* 0.0020 | 0.000 -0.0700 -0.0557
D3 -.0420568977333* 0.0020 | 0.000 -0.0492 -0.0349
F-RGB-HOG -.0331244980667* 0.0020 | 0.000 -0.0403 -0.0260
F-RGB-OF -.0486116803333* 0.0020 | 0.000 -0.0558 -0.0415
F-HOG-OF -.0576483417333* 0.0020 | 0.000 -0.0648 -0.0505
F-RGB-HOG-OF -.0794914722000* 0.0020 | 0.000 -0.0866 -0.0723
FD1 -.0337055438000* 0.0020 | 0.000 -0.0409 -0.0266
FD2 -.0513398346000* 0.0020 | 0.000 -0.0585 -0.0442
FD3 -.0604168239333* 0.0020 | 0.000 -0.0676 -0.0533
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Table B.19: Post hoc comparisons using Tukey’s HSD - HOG on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0077559010000%* 0.0020 | 0.019 0.0006 0.0149
OF -.0285648488000* 0.0020 | 0.000 -0.0357 -0.0214
D-RGB-HOG -.0109289507333* 0.0020 | 0.000 -0.0181 -0.0038
D-RGB-OF -.0406523756000%* 0.0020 | 0.000 -0.0478 -0.0335
D-HOG-OF -.0551587355333* 0.0020 | 0.000 -0.0623 -0.0480
D-RGB-HOG-OF -.0508466124667* 0.0020 | 0.000 -0.0580 -0.0437
D1 -.0258732840667* 0.0020 | 0.000 -0.0330 -0.0187
D2 -.0550665680667* 0.0020 | 0.000 -0.0622 -0.0479
D3 -.0343009967333* 0.0020 | 0.000 -0.0415 -0.0271
F-RGB-HOG -.0253685970667* 0.0020 | 0.000 -0.0325 -0.0182
F-RGB-OF -.0408557793333* 0.0020 | 0.000 -0.0480 -0.0337
F-HOG-OF -.0498924407333* 0.0020 | 0.000 -0.0570 -0.0427
F-RGB-HOG-OF -.0717355712000%* 0.0020 | 0.000 -0.0789 -0.0646
FD1 -.0259496428000* 0.0020 | 0.000 -0.0331 -0.0188
FD2 -.0435839336000%* 0.0020 | 0.000 -0.0507 -0.0364
FD3 -.0526609229333* 0.0020 | 0.000 -0.0598 -0.0455

Table B.20: Post hoc comparisons using Tukey’s HSD - OF on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0363207498000%* 0.0020 | 0.000 0.0292 0.0435
HOG .0285648488000* 0.0020 | 0.000 0.0214 0.0357
D-RGB-HOG .0176358980667* 0.0020 | 0.000 0.0105 0.0248
D-RGB-OF -.0120875268000* 0.0020 | 0.000 -0.0192 -0.0049
D-HOG-OF -.0265938867333* 0.0020 | 0.000 -0.0337 -0.0194
D-RGB-HOG-OF -.0222817636667* 0.0020 | 0.000 -0.0294 -0.0151
D1 0.0026915647333 0.0020 | 0.997 -0.0045 0.0098
D2 -.0265017192667* 0.0020 | 0.000 -0.0337 -0.0194
D3 -0.0057361479333 0.0020 | 0.296 -0.0129 0.0014
F-RGB-HOG 0.0031962517333 0.0020 | 0.980 -0.0040 0.0103
F-RGB-OF -.0122909305333* 0.0020 | 0.000 -0.0194 -0.0051
F-HOG-OF -.0213275919333* 0.0020 | 0.000 -0.0285 -0.0142
F-RGB-HOG-OF -.0431707224000* 0.0020 | 0.000 -0.0503 -0.0360
FD1 0.0026152060000 0.0020 | 0.998 -0.0045 0.0098
FD2 -.0150190848000* 0.0020 | 0.000 -0.0222 -0.0079
FD3 -.0240960741333* 0.0020 | 0.000 -0.0312 -0.0169
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Table B.21: Post hoc comparisons using Tukey’s HSD - D-RGB-HOG on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0186848517333* 0.0020 | 0.000 0.0115 0.0258
HOG .0109289507333* 0.0020 | 0.000 0.0038 0.0181
OF -.0176358980667* 0.0020 | 0.000 -0.0248 -0.0105
D-RGB-OF -.0297234248667* 0.0020 | 0.000 -0.0369 -0.0226
D-HOG-OF -.0442297848000* 0.0020 | 0.000 -0.0514 -0.0371
D-RGB-HOG-OF -.0399176617333* 0.0020 | 0.000 -0.0471 -0.0328
D1 -.0149443333333* 0.0020 | 0.000 -0.0221 -0.0078
D2 -.0441376173333* 0.0020 | 0.000 -0.0513 -0.0370
D3 -.0233720460000%* 0.0020 | 0.000 -0.0305 -0.0162
F-RGB-HOG -.0144396463333* 0.0020 | 0.000 -0.0216 -0.0073
F-RGB-OF -.0299268286000* 0.0020 | 0.000 -0.0371 -0.0228
F-HOG-OF -.0389634900000%* 0.0020 | 0.000 -0.0461 -0.0318
F-RGB-HOG-OF -.0608066204667* 0.0020 | 0.000 -0.0680 -0.0537
FD1 -.0150206920667* 0.0020 | 0.000 -0.0222 -0.0079
FD2 -.0326549828667* 0.0020 | 0.000 -0.0398 -0.0255
FD3 -.0417319722000%* 0.0020 | 0.000 -0.0489 -0.0346

Table B.22: Post hoc comparisons using Tukey’s HSD

- D-RGB-OF on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0484082766000* 0.0020 | 0.000 0.0413 0.0556
HOG .0406523756000* 0.0020 | 0.000 0.0335 0.0478
OF .0120875268000* 0.0020 | 0.000 0.0049 0.0192
D-RGB-HOG .0297234248667* 0.0020 | 0.000 0.0226 0.0369
D-HOG-OF -.0145063599333* 0.0020 | 0.000 -0.0217 -0.0074
D-RGB-HOG-OF -.0101942368667* 0.0020 | 0.000 -0.0173 -0.0030
D1 .0147790915333* 0.0020 | 0.000 0.0076 0.0219
D2 -.0144141924667* 0.0020 | 0.000 -0.0216 -0.0073
D3 0.0063513788667 0.0020 | 0.149 -0.0008 0.0135
F-RGB-HOG .0152837785333* 0.0020 | 0.000 0.0081 0.0224
F-RGB-OF -0.0002034037333 0.0020 | 1.000 -0.0074 0.0069
F-HOG-OF -.0092400651333* 0.0020 | 0.001 -0.0164 -0.0021
F-RGB-HOG-OF -.0310831956000* 0.0020 | 0.000 -0.0382 -0.0239
FD1 .0147027328000* 0.0020 | 0.000 0.0076 0.0219
FD2 -0.0029315580000 0.0020 | 0.991 -0.0101 0.0042
FD3 -.0120085473333* 0.0020 | 0.000 -0.0192 -0.0049
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Table B.23: Post hoc comparisons using Tukey’s HSD - D-HOG-OF on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0629146365333* 0.0020 | 0.000 0.0558 0.0701
HOG .0551587355333* 0.0020 | 0.000 0.0480 0.0623
OF .0265938867333* 0.0020 | 0.000 0.0194 0.0337
D-RGB-HOG .0442297848000%* 0.0020 | 0.000 0.0371 0.0514
D-RGB-OF .0145063599333* 0.0020 | 0.000 0.0074 0.0217
D-RGB-HOG-OF 0.0043121230667 0.0020 | 0.785 -0.0028 0.0115
D1 .0292854514667* 0.0020 | 0.000 0.0221 0.0364
D2 0.0000921674667 0.0020 | 1.000 -0.0071 0.0072
D3 .0208577388000%* 0.0020 | 0.000 0.0137 0.0280
F-RGB-HOG .0297901384667* 0.0020 | 0.000 0.0226 0.0369
F-RGB-OF .0143029562000%* 0.0020 | 0.000 0.0072 0.0215
F-HOG-OF 0.0052662948000 0.0020 | 0.449 -0.0019 0.0124
F-RGB-HOG-OF -.0165768356667* 0.0020 | 0.000 -0.0237 -0.0094
FD1 .0292090927333* 0.0020 | 0.000 0.0221 0.0364
FD2 .0115748019333* 0.0020 | 0.000 0.0044 0.0187
FD3 0.0024978126000 0.0020 | 0.999 -0.0047 0.0096

Table B.24: Post hoc comparisons using Tukey’s HSD - D-RGB-HOG-OF on the UCF-101

Dataset
(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0586025134667* 0.0020 | 0.000 0.0515 0.0658
HOG .0508466124667* 0.0020 | 0.000 0.0437 0.0580
OF .0222817636667* 0.0020 | 0.000 0.0151 0.0294
D-RGB-HOG .0399176617333* 0.0020 | 0.000 0.0328 0.0471
D-RGB-OF .0101942368667* 0.0020 | 0.000 0.0030 0.0173
D-HOG-OF -0.0043121230667 0.0020 | 0.785 -0.0115 0.0028
Dl .0249733284000%* 0.0020 | 0.000 0.0178 0.0321
D2 -0.0042199556000 0.0020 | 0.812 -0.0114 0.0029
D3 .0165456157333* 0.0020 | 0.000 0.0094 0.0237
F-RGB-HOG .0254780154000* 0.0020 | 0.000 0.0183 0.0326
F-RGB-OF .0099908331333* 0.0020 | 0.000 0.0028 0.0171
F-HOG-OF 0.0009541717333 0.0020 | 1.000 -0.0062 0.0081
F-RGB-HOG-OF -.0208889587333* 0.0020 | 0.000 -0.0280 -0.0137
FD1 0248969696667 * 0.0020 | 0.000 0.0177 0.0320
FD2 .0072626788667* 0.0020 | 0.042 0.0001 0.0144
FD3 -0.0018143104667 0.0020 | 1.000 -0.0090 0.0053
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Table B.25: Post hoc comparisons using Tukey’s HSD - D1 on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0336291850667* 0.0020 | 0.000 0.0265 0.0408
HOG .0258732840667* 0.0020 | 0.000 0.0187 0.0330
OF -0.0026915647333 0.0020 | 0.997 -0.0098 0.0045
D-RGB-HOG .0149443333333* 0.0020 | 0.000 0.0078 0.0221
D-RGB-OF -.0147790915333* 0.0020 | 0.000 -0.0219 -0.0076
D-HOG-OF -.0292854514667* 0.0020 | 0.000 -0.0364 -0.0221
D-RGB-HOG-OF -.0249733284000* 0.0020 | 0.000 -0.0321 -0.0178
D2 -.0291932840000%* 0.0020 | 0.000 -0.0363 -0.0220
D3 -.0084277126667* 0.0020 | 0.006 -0.0156 -0.0013
F-RGB-HOG 0.0005046870000 0.0020 | 1.000 -0.0066 0.0077
F-RGB-OF -.0149824952667* 0.0020 | 0.000 -0.0221 -0.0078
F-HOG-OF -.0240191566667* 0.0020 | 0.000 -0.0312 -0.0169
F-RGB-HOG-OF -.0458622871333* 0.0020 | 0.000 -0.0530 -0.0387
FD1 -0.0000763587333 0.0020 | 1.000 -0.0072 0.0071
FD2 -.0177106495333* 0.0020 | 0.000 -0.0249 -0.0106
FD3 -.0267876388667* 0.0020 | 0.000 -0.0339 -0.0196

Table B.26: Post hoc comparisons using Tukey’s HSD - D2 on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0628224690667* 0.0020 | 0.000 0.0557 0.0700
HOG .0550665680667* 0.0020 | 0.000 0.0479 0.0622
OF .0265017192667* 0.0020 | 0.000 0.0194 0.0337
D-RGB-HOG .0441376173333* 0.0020 | 0.000 0.0370 0.0513
D-RGB-OF .0144141924667* 0.0020 | 0.000 0.0073 0.0216
D-HOG-OF -0.0000921674667 0.0020 | 1.000 -0.0072 0.0071
D-RGB-HOG-OF 0.0042199556000 0.0020 | 0.812 -0.0029 0.0114
D1 .0291932840000%* 0.0020 | 0.000 0.0220 0.0363
D3 .0207655713333* 0.0020 | 0.000 0.0136 0.0279
F-RGB-HOG .0296979710000%* 0.0020 | 0.000 0.0225 0.0368
F-RGB-OF .0142107887333* 0.0020 | 0.000 0.0071 0.0214
F-HOG-OF 0.0051741273333 0.0020 | 0.482 -0.0020 0.0123
F-RGB-HOG-OF -.0166690031333* 0.0020 | 0.000 -0.0238 -0.0095
FD1 .0291169252667* 0.0020 | 0.000 0.0220 0.0363
FD2 .0114826344667* 0.0020 | 0.000 0.0043 0.0186
FD3 0.0024056451333 0.0020 | 0.999 -0.0047 0.0096
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Table B.27: Post hoc comparisons using Tukey’s HSD - D3 on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0420568977333* 0.0020 | 0.000 0.0349 0.0492
HOG .0343009967333* 0.0020 | 0.000 0.0271 0.0415
OF 0.0057361479333 0.0020 | 0.296 -0.0014 0.0129
D-RGB-HOG .0233720460000%* 0.0020 | 0.000 0.0162 0.0305
D-RGB-OF -0.0063513788667 0.0020 | 0.149 -0.0135 0.0008
D-HOG-OF -.0208577388000* 0.0020 | 0.000 -0.0280 -0.0137
D-RGB-HOG-OF -.0165456157333* 0.0020 | 0.000 -0.0237 -0.0094
D1 .0084277126667* 0.0020 | 0.006 0.0013 0.0156
D2 -.0207655713333* 0.0020 | 0.000 -0.0279 -0.0136
F-RGB-HOG .0089323996667* 0.0020 | 0.002 0.0018 0.0161
F-RGB-OF -0.0065547826000 0.0020 | 0.115 -0.0137 0.0006
F-HOG-OF -.0155914440000%* 0.0020 | 0.000 -0.0227 -0.0084
F-RGB-HOG-OF -.0374345744667* 0.0020 | 0.000 -0.0446 -0.0303
FD1 .0083513539333* 0.0020 | 0.007 0.0012 0.0155
FD2 -.0092829368667* 0.0020 | 0.001 -0.0164 -0.0021
FD3 -.0183599262000%* 0.0020 | 0.000 -0.0255 -0.0112

Table B.28: Post hoc comparisons using Tukey’s HSD - F-RGB-HOG on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0331244980667* 0.0020 | 0.000 0.0260 0.0403
HOG .0253685970667* 0.0020 | 0.000 0.0182 0.0325
OF -0.0031962517333 0.0020 | 0.980 -0.0103 0.0040
D-RGB-HOG .0144396463333* 0.0020 | 0.000 0.0073 0.0216
D-RGB-OF -.0152837785333* 0.0020 | 0.000 -0.0224 -0.0081
D-HOG-OF -.0297901384667* 0.0020 | 0.000 -0.0369 -0.0226
D-RGB-HOG-OF -.0254780154000* 0.0020 | 0.000 -0.0326 -0.0183
D1 -0.0005046870000 0.0020 | 1.000 -0.0077 0.0066
D2 -.0296979710000* 0.0020 | 0.000 -0.0368 -0.0225
D3 -.0089323996667* 0.0020 | 0.002 -0.0161 -0.0018
F-RGB-OF -.0154871822667* 0.0020 | 0.000 -0.0226 -0.0083
F-HOG-OF -.0245238436667* 0.0020 | 0.000 -0.0317 -0.0174
F-RGB-HOG-OF -.0463669741333* 0.0020 | 0.000 -0.0535 -0.0392
FD1 -0.0005810457333 0.0020 | 1.000 -0.0077 0.0066
FD2 -.0182153365333* 0.0020 | 0.000 -0.0254 -0.0111
FD3 -.0272923258667* 0.0020 | 0.000 -0.0344 -0.0201
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Table B.29: Post hoc comparisons using Tukey’s HSD - F-RGB-OF on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0486116803333* 0.0020 | 0.000 0.0415 0.0558
HOG .0408557793333* 0.0020 | 0.000 0.0337 0.0480
OF .0122909305333* 0.0020 | 0.000 0.0051 0.0194
D-RGB-HOG .0299268286000* 0.0020 | 0.000 0.0228 0.0371
D-RGB-OF 0.0002034037333 0.0020 | 1.000 -0.0069 0.0074
D-HOG-OF -.0143029562000%* 0.0020 | 0.000 -0.0215 -0.0072
D-RGB-HOG-OF -.0099908331333* 0.0020 | 0.000 -0.0171 -0.0028
D1 .0149824952667* 0.0020 | 0.000 0.0078 0.0221
D2 -.0142107887333* 0.0020 | 0.000 -0.0214 -0.0071
D3 0.0065547826000 0.0020 | 0.115 -0.0006 0.0137
F-RGB-HOG .0154871822667* 0.0020 | 0.000 0.0083 0.0226
F-HOG-OF -.0090366614000%* 0.0020 | 0.002 -0.0162 -0.0019
F-RGB-HOG-OF -.0308797918667* 0.0020 | 0.000 -0.0380 -0.0237
FD1 .0149061365333* 0.0020 | 0.000 0.0078 0.0221
FD2 -0.0027281542667 0.0020 | 0.996 -0.0099 0.0044
FD3 -.0118051436000%* 0.0020 | 0.000 -0.0190 -0.0047

Table B.30: Post hoc comparisons using Tukey’s HSD - F-HOG-OF on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0576483417333* 0.0020 | 0.000 0.0505 0.0648
HOG .04989244(07333* 0.0020 | 0.000 0.0427 0.0570
OF .0213275919333* 0.0020 | 0.000 0.0142 0.0285
D-RGB-HOG .0389634900000* 0.0020 | 0.000 0.0318 0.0461
D-RGB-OF .0092400651333* 0.0020 | 0.001 0.0021 0.0164
D-HOG-OF -0.0052662948000 0.0020 | 0.449 -0.0124 0.0019
D-RGB-HOG-OF -0.0009541717333 0.0020 | 1.000 -0.0081 0.0062
D1 .0240191566667* 0.0020 | 0.000 0.0169 0.0312
D2 -0.0051741273333 0.0020 | 0.482 -0.0123 0.0020
D3 .0155914440000%* 0.0020 | 0.000 0.0084 0.0227
F-RGB-HOG .0245238436667* 0.0020 | 0.000 0.0174 0.0317
F-RGB-OF .0090366614000%* 0.0020 | 0.002 0.0019 0.0162
F-RGB-HOG-OF -.0218431304667* 0.0020 | 0.000 -0.0290 -0.0147
FD1 .0239427979333* 0.0020 | 0.000 0.0168 0.0311
FD2 0.0063085071333 0.0020 | 0.157 -0.0008 0.0135
FD3 -0.0027684822000 0.0020 | 0.995 -0.0099 0.0044
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Table B.31: Post hoc comparisons using Tukey’s HSD - F-RGB-HOG-OF on the UCF-101

Dataset
(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0794914722000* 0.0020 | 0.000 0.0723 0.0866
HOG .0717355712000* 0.0020 | 0.000 0.0646 0.0789
OF .0431707224000* 0.0020 | 0.000 0.0360 0.0503
D-RGB-HOG .0608066204667* 0.0020 | 0.000 0.0537 0.0680
D-RGB-OF .0310831956000* 0.0020 | 0.000 0.0239 0.0382
D-HOG-OF .0165768356667* 0.0020 | 0.000 0.0094 0.0237
D-RGB-HOG-OF .0208889587333* 0.0020 | 0.000 0.0137 0.0280
D1 .0458622871333* 0.0020 | 0.000 0.0387 0.0530
D2 .0166690031333* 0.0020 | 0.000 0.0095 0.0238
D3 .0374345744667* 0.0020 | 0.000 0.0303 0.0446
F-RGB-HOG .0463669741333* 0.0020 | 0.000 0.0392 0.0535
F-RGB-OF .0308797918667* 0.0020 | 0.000 0.0237 0.0380
F-HOG-OF .0218431304667* 0.0020 | 0.000 0.0147 0.0290
FD1 .0457859284000* 0.0020 | 0.000 0.0386 0.0529
FD2 .0281516376000* 0.0020 | 0.000 0.0210 0.0353
FD3 .0190746482667* 0.0020 | 0.000 0.0119 0.0262

Table B.32: Post hoc comparisons using Tukey’s HSD - FD1I on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0337055438000* 0.0020 | 0.000 0.0266 0.0409
HOG .0259496428000* 0.0020 | 0.000 0.0188 0.0331
OF -0.0026152060000 0.0020 | 0.998 -0.0098 0.0045
D-RGB-HOG .0150206920667* 0.0020 | 0.000 0.0079 0.0222
D-RGB-OF -.0147027328000* 0.0020 | 0.000 -0.0219 -0.0076
D-HOG-OF -.0292090927333* 0.0020 | 0.000 -0.0364 -0.0221
D-RGB-HOG-OF -.0248969696667* 0.0020 | 0.000 -0.0320 -0.0177
D1 0.0000763587333 0.0020 | 1.000 -0.0071 0.0072
D2 -.0291169252667* 0.0020 | 0.000 -0.0363 -0.0220
D3 -.0083513539333* 0.0020 | 0.007 -0.0155 -0.0012
F-RGB-HOG 0.0005810457333 0.0020 | 1.000 -0.0066 0.0077
F-RGB-OF -.0149061365333* 0.0020 | 0.000 -0.0221 -0.0078
F-HOG-OF -.0239427979333* 0.0020 | 0.000 -0.0311 -0.0168
F-RGB-HOG-OF -.0457859284000* 0.0020 | 0.000 -0.0529 -0.0386
FD2 -.0176342908000* 0.0020 | 0.000 -0.0248 -0.0105
FD3 -.0267112801333* 0.0020 | 0.000 -0.0339 -0.0196
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Table B.33: Post hoc comparisons using Tukey’s HSD - FD2 on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0513398346000%* 0.0020 | 0.000 0.0442 0.0585
HOG .0435839336000%* 0.0020 | 0.000 0.0364 0.0507
OF .0150190848000* 0.0020 | 0.000 0.0079 0.0222
D-RGB-HOG .0326549828667* 0.0020 | 0.000 0.0255 0.0398
D-RGB-OF 0.0029315580000 0.0020 | 0.991 -0.0042 0.0101
D-HOG-OF -.0115748019333* 0.0020 | 0.000 -0.0187 -0.0044
D-RGB-HOG-OF -.0072626788667* 0.0020 | 0.042 -0.0144 -0.0001
D1 .0177106495333* 0.0020 | 0.000 0.0106 0.0249
D2 -.0114826344667* 0.0020 | 0.000 -0.0186 -0.0043
D3 .0092829368667* 0.0020 | 0.001 0.0021 0.0164
F-RGB-HOG .0182153365333* 0.0020 | 0.000 0.0111 0.0254
F-RGB-OF 0.0027281542667 0.0020 | 0.996 -0.0044 0.0099
F-HOG-OF -0.0063085071333 0.0020 | 0.157 -0.0135 0.0008
F-RGB-HOG-OF -.0281516376000%* 0.0020 | 0.000 -0.0353 -0.0210
FD1 .0176342908000* 0.0020 | 0.000 0.0105 0.0248
FD3 -.0090769893333* 0.0020 | 0.002 -0.0162 -0.0019

Table B.34: Post hoc comparisons using Tukey’s HSD - FD3 on the UCF-101 Dataset

(I) Method Mean Difference (I-J) | Std. Error | Sig. 95% Confidence Interval

Lower Bound | Upper Bound
RGB .0604168239333* 0.0020 | 0.000 0.0533 0.0676
HOG .0526609229333* 0.0020 | 0.000 0.0455 0.0598
OF .0240960741333* 0.0020 | 0.000 0.0169 0.0312
D-RGB-HOG .0417319722000* 0.0020 | 0.000 0.0346 0.0489
D-RGB-OF .0120085473333* 0.0020 | 0.000 0.0049 0.0192
D-HOG-OF -0.0024978126000 0.0020 | 0.999 -0.0096 0.0047
D-RGB-HOG-OF 0.0018143104667 0.0020 | 1.000 -0.0053 0.0090
D1 .0267876388667* 0.0020 | 0.000 0.0196 0.0339
D2 -0.0024056451333 0.0020 | 0.999 -0.0096 0.0047
D3 .0183599262000%* 0.0020 | 0.000 0.0112 0.0255
F-RGB-HOG .0272923258667* 0.0020 | 0.000 0.0201 0.0344
F-RGB-OF .0118051436000%* 0.0020 | 0.000 0.0047 0.0190
F-HOG-OF 0.0027684822000 0.0020 | 0.995 -0.0044 0.0099
F-RGB-HOG-OF -.0190746482667* 0.0020 | 0.000 -0.0262 -0.0119
FD1 .0267112801333* 0.0020 | 0.000 0.0196 0.0339
FD2 .0090769893333* 0.0020 | 0.002 0.0019 0.0162
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