Middlesex
University
London

School of Science and Technology

CSD3999
Software Development Project

Autumn/Winter term
2018/2019

Date: 26/04/2019

Supervisor: Michael Heeney

Student Name: Christiaan Robert Michael Burrett-Bijlstra
Student ID Number: M00608813

Campus: Hendon

Title: Developing a software-based solution using
artificial intelligence to effectively process and edit large
video files to the requirements of a professional video
editing company.



School of Science and Technology

Student Name: Christiaan Robert Michael Burrett-Bijlstra

Student ID No: M00608813

Module number: CSD3999

| hereby confirm that the work presented here in this report and in
all other associated material is wholly my own work. | confirm that
the report has been submitted to TURNITIN and that the TURNITIN

results are on CD attached to this report. | agree to assessment for
plagiarism.

Date: 26/04/2019



Abstract

In this report, we will be discussing a proposed software solution for a video
editing company by the name of Regent’s IT Solutions. Regent’s IT Solutions
requested a software-based solution for determining the momentum of a camera
from it's recorded video alone. Regent’s IT Solutions would use this information in
conjunction with other custom software to automatically produce videos for the real
estate industry. We discuss the research we have conducted within the field of
computer vision. We will also discuss in detail the process we have gone through in
developing the neural network based solution. The solution we have produced
makes use of optical flow information gathered from video sequences that were
provided to us by Regent’s IT Solutions. We used this extracted optical flow
information to distinguish a clear difference between when the camera is moving and
when the camera is stationary. We then used this information to train our neural
network to be able to accurately detect the difference between moving video
sequences and stationary video sequences. We will go into further detail about the
development of our neural network and the possible shortcomings our solution may

have.
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Describing the problem

An essential part of developing a successful and efficient solution is to
understand the problem accurately and entirely. Regents IT Solutions (RITS) is a
small company which has diversified into many fields of the technological industry,
namely the field of video editing and processing [1]. The majority of their clients
request services for basic video editing that does not require a high skill level or
much creativity. These types of videos are repetitive and follow the same basic
principles; the clients request that when the videographer is walking or moving the
editor speeds up the video footage to 3 times the regular speed. When the
videographer in question is shooting a panning or a still frame shot the editor does
not adjust the video except for basic colour correction and lighting adjustments. The
editing process for one of these videos can often be a long and tedious process
taking between 30 to 40 minutes from start to completion. Resulting in the loss of
time for Regents' editors and thus resulting in the loss of profit margins for RITS. Due
to the repetitive nature of these video editing requests, we were intrigued to find a
solution for the possible automation of this specific editing process. By automating
this process it would allow RITS to reduce its number of professional video editors
and their working hours, increasing their profit margins for this particular product

dramatically.



Conceptualization of Solution

The initial conceptualization of the solution is the foundation of what will
eventually be our finalized solution. We will start by first evaluating where in the
whole process our solution will exist, what parts it will take over and what parts it
might be able to take over in the future. By first conceptualizing it's most basic form
we can subsequently extrapolate and optimize our solution. In figure 1.1 you will see
a basic flow diagram of the process created with the information provided to us by
RITS.
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Figure 1 - Diagram of stages in RITS’ video editing service

As you can see there are multiple steps that make up the production of the final
product. RITS has made it clear to us that the editing done in stage 3 is by far the
most time-intensive task. Therefore we will focus our solution around this stage with
possible future extrapolation to the other stages. From the requirements provided to
us by RITS we can already begin to speculate and conceptualize a possible solution.
During the editing process, the professional video editor determines whether the
videographer is walking or if he is panning. Therefore, we will need to be able to
reproduce this observation within our software. | believe we can break our solution

process down into 3 separate stages:

1. Gathering the data.
2. Interpreting the data.

3. Processing the video based on the data.



We currently believe that the most effective way of interpreting our data would be to
use artificial intelligence. We will do this using pattern recognition. Pattern
recognition is a separate area within the field of machine learning that focuses on the
interpretation and recognition of specific patterns in data[13]. We believe that by
gathering our data reliably and accurately we will be able to reproduce specific
patterns in our data. For example, we might be able to recognize a specific pattern in
our data which represents the forward momentum of the videographer. This
interpreted data would then be passed to the processing stage of our software. This
is where the video will be edited to the required specifications using our interpreted

data.

Software solution
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Figure 2 - Flow diagram of the proposed solution



Background and Literature Review

Due to the specificity of our project and the fact that our project is being developed
for a specific use case namely the footage of a property. After conducting an
extensive amount of research we have however discovered some academic and
scientific documentation on subjects that could be relevant to our project. Below we

will review the literature and discuss their possible relevance to our project.

Research is a vital aspect to any problem-solving exercise for without the
appropriate knowledge we might not develop the most efficient and suitable solution.
For our project, we will use an iterative cycle model. In figure 3 you can see a clear
visual representation of the Iterative cycle model. The way we will make use of this
model in our project, is to iterate through software versions and verify each of these
iterations individually. We hope that by using this model we will achieve a more
robust and effective software solution to our problem due to the fact that each
iteration will be thoroughly verified and evaluated before a new iteration is
developed, allowing us to learn from the flaws and progressions in previous

iterations.

Implementation

Figure 3 - Iterative Cycle Model

The research described below has been focused on the primary step of our
solution, namely data gathering. The accuracy and consistency of the data we gather
will absolutely vital to us achieving an effective solution. Therefore, it is of paramount

importance that we exhaust all the possible methods for our data gathering. We have



already hypothesised making use of a variety of data gathering methods which

would be normalized and compared to obtain a more accurate overall dataset.

Due to my previous intrigue and experiences in real-time visual applications, |
was aware of a suitable library for our project called OpenCV, which is an
abbreviation of Open Source Computer Vision Library. OpenCV is an open source
library that specialises in computer vision and machine learning. It is designed to
provide a common infrastructure for software related to computer vision and machine
perception[2]. Due to its incredible assortment of algorithms, it can simplify the
production of video analysis software dramatically. After conducting a comparative
analysis between our problem and the algorithms provided to us by openCV we have
concluded that there are a number of different algorithms that could be used to

develop our solution.

OpenCV includes multiple corner detection algorithms the most relevant being
the Shi-Tomasi corner detection algorithm[3] and the Harris corner detection
algorithm. Corner detection is a widely used technique to find unique, easily
identifiable and trackable points in an image. After considering both algorithms we
have not yet concluded if either will be used in the production of our software.
However, our initial research has shown the Shi-Tomasi corner detection algorithm
to be more successful in achieving the desired results. This is also verified by a
research paper published on this specific topic [5]. One must, however, consider the
possible bias involved in their research due to the study being conducted by Jianbo
Shi and Carlo Tomashi themselves. Furthermore, the differences measured in
results between the two algorithms seem incredibly minute. We must therefore also
consider the inevitable computational cost of both of the algorithms, to possibly find a
balance between accuracy and computational cost. We have searched for studies
conducted on the impact of these algorithms on computer hardware however to this
date there have been no studies published on this topic. We will, therefore, have to
measure the impact on computer hardware and the computational costs of these

algorithms ourselves.



After conducting further research in the field of visual data analysis | have
found that the concept of optical flow could be relevant to the development of our
solution. Optical flow is a proposed pattern of objects, surfaces and edges in a visual
scene brought about by the relative motion between the observer and a visual
scene. The concept was first introduced by James J. Gibson in 1940. Since then
researchers have conducted further studies showcasing the apparent importance of
optical flow. It has been hypothesised that humans can perceive the direction of
self-motion using optical flow. During a study in 1988 conducted by Warren, W. H.

and Hannon, D. J. they found this to be true [6].

So one could reasonably assume that by using the Shi-Tomasi corner
detection algorithm and calculating the optical flow over a duration of time we should
be able to gather data that will conclude the direction of movement of the
videographer. This is exactly what the Lucas-Kanade Method does. The
Lucas-Kanade Method analyses the optical flow of the given video by receives a set
of points and comparatively analysing them to a previous set of points[7]. So by
combining these two algorithms, we should theoretically be able to accurately track
the videographers movements. However, there is a caveat in our previous
assumption; namely that the majority of research on these methods have only been
conducted with a stationary camera tracking moving objects within their visual frame.
Therefore we need to conduct further research and testing to conclude that the
Lucas-Kanade Method is an effective method for our solution. In figure 4 we are
showing casing the results of the first iteration of our prototype, we will reference this
version as Prototype version 1.0. You can clearly see that the optical flow has been
accurately represented using the Lucas-Kanade Method in conjunction with the

Shi-Tomasi corner detection algorithm.



Figure 4 - Optical flow in prototype 1.0

As we stated previously in our report we plan to make use of artificial
intelligence within our system. Artificial intelligence is currently at the forefront of
innovation within the technological industry. We have looked at multiple different
ways we could use artificial intelligence to effectively interpret our data. A method
that has shown it could possibly be useful in our situation, is the process of
supervised learning[13]. This process involves the use of a large amount of
predefined test data and manually labelling specific parts of that data as either
“‘Momentum?”, “Panning” or “Still-shot”. The A.l. will then attempt to recognize specific
patterns within these labelled areas of the data. By processing an increasing amount
of predefined labelled data the Pattern recognition system it will become increasingly
accurate. In figure 5 you can see a graph which represents the optical flow over a
short duration of a video file provided to us by RITS. As we stated previously, these
results are gathered using our current prototype (version 1.0) uses the
Lucas-Kanade Method in conjunction with the Shi-Tomasi corner detection algorithm

to give us these results. As you might be able to see we can visually identify the

parts where the videographer is moving by the large delta in optical flow.
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Figure 5 - Change of optical flow graph: X-Axis represents time, Y-Axis represents
change in optical flow. Red areas indicated areas where we have manually observed

momentum of the videographer from the video.

We have also conducted research in the field of video processing hardware
and its impact on processing speeds. It is a well-established fact that video
processing requires a large amount of computational power[8]. Formal research into
this field shows us there is a clear time-based advantage in using a high clock speed
CPU over a lower clock speed CPU due to the calculation complexities involved[8].
Additional research has shown us that other components in our system will have an
effect on our processing performance. Figure 5 shows us a considerable
performance increase in using high-end GPU’s[9]. However, there are other factors
to consider besides performance before concluding on our hardware. We must
consider the volume of videos to be processed and the optimal desired time for each
video to be processed. Based on these variables we could possibly conduct an
investigation to establish which hardware has the optimal ratio between price power
efficiency and processing power. We must consider this to be a long-term solution
for RITS, therefore, if they were to invest in power inefficient hardware it could lead
to unnecessary costs. Furthermore, there is a commonly occurring trend in hardware
which shows that there is an extreme exponential rate between price and
performance. So we must also evaluate whether acquiring the fastest possible

hardware is the most cost-effective strategy for RITS.

11



Feature Tracking

We are using OpenCV’s “good features to track” function to find easily
definable features in our frame. This will allow us to calculate the difference in
location of these features between frames and thus find the optical flow. OpenCV
has many different functions that use different algorithms to find these features.
Therefore we decided research was required to determine whether or not “good
features to track” is the most applicable function for our project. We came across a
paper written by Jianbo Shi and Carlo Tomasi. The paper is titled “Good Features to
Track’[14]. This paper discussed the algorithm used by the function in openCV that
was developed by Jianbo Shi and Carlo Tomasi. The report discussed how the
Shit-Tomasi algorithm introduces a monitoring method on top of pre-existing corner
detection algorithms. Their paper describes the concept of “good features” and “bad
features” that regular feature tracking algorithms employ. Ordinarily, a feature
tracking algorithm would determine a “good feature” that it should maintain tracking
by its dissimilarity to the same feature in the previous frame. If a dissimilarity is too
high then the feature will no longer be tracked. However, they describe a method
that would involve accounting for deformations of each specific feature which in turn
would conclude that even though the feature has deformed due to changes in the

camera angle it still remains a “good feature”.

12
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Figure 6 - Graph of dissimilarity per frame from the “Good Features to Track

report’[14]

In figure 6 the dashed line with crosses is the line which represents the dissimilarity
of the features per frame without accounting for deformation. The solid line with
crosses is the dissimilarity whilst accounting for deformation. As you can clearly see
the dissimilarity remains relatively constant when the deformation is accounted for
and thus the algorithm would continue to recognize this as a good feature to track.

The paper then continues to describe further experiments they have conducted on

sample footage.
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Figure 8 - Dissimilarity on sample footage [14]

Figure 7 and 8 show us the dissimilarity of each feature per frame. Both figures\
were conducted on the same sample footage with the only differentiating factor being
that figure 8 has implemented the monitoring functionality proposed by the authors

into the calculating algorithm of dissimilarity. As you can see the results from figure 7
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display a far more erratic pattern and therefore it might be hard to differentiate
between the good features to track and the bad features to stop tracking. However,
when the algorithm takes into account the deformation and distortion movement of
the camera’s perspective can cause we see a far more clear picture. We can
therefore easily identify the features which we should not continue to track, resulting
in a far more accurate feature set. They go on to conclude that although their
algorithm will not always be able to remove all of the bad features it will certainly
reduce the number of bad features in the overall calculation. A logical concern that
might be theorised however is the increased computational complexity of the
algorithm when implementing the proposed monitoring equation into the algorithm.
However, the Authors claim that the monitoring functionality is “inexpensive and
sound”. Taking this into account we concluded that this algorithm would be able to

reliably determine the good features to track in our project.

Optical Flow Calculations

As we discussed in our initial report the Lucas Kanade method is an algorithm
that is commonly used to calculate the overall optical flow of a video sample. It does
this by running its calculation on a set of deliverable features for each frame. In the
paper titled “Optical Flow Measurement using Lucas Kanade Method” [15], Authors
Dhara Patel and Saurabh Upadhyay discuss the relevance and accuracy of the
Lucas Kanade method for estimating motion based on optical flow. In their paper,
they discuss different methods and approaches for the calculation of optical flow. It
approaches the overall optical flow calculation with the assumption that optical flow
is calculated not over the entire image frame but purely in the vicinity of the pixel
which is in question. This allows the Lucas Kanade method to be extremely efficient
in calculation times whilst still maintaining a high level of accuracy. The Authors
conclude that due to its fast computation time and accuracy they would use the
Lucas Kanade method in feature motion estimation analysis. We, therefore,
concluded that it would be appropriate for us to use it in our project. By supplying the

Lucas Kanade function with accuracy “good features” by using the previously
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discussed Good Features to Track algorithm we feel confident we can get accurate

optical flow information and thus eventually estimate the motion of the videographer.

Further related research

We also continued our research into the subjects that could be considered
somewhat significant for us. Within the field of computer vision, there is a subject
named “egomotion”. This word, of course, derived from the Latin words “ego” and
“motionem”. “Ego” defines the concept of oneself and “motionem” describes the act
of moving. Therefor egomotion describes the concept of self-motion. Egomotion is
also often referred to as Visual odometry. Interestingly enough during our research,
we have found that often computer systems and methods will be derived from the
functionality that our bodies have already implemented. For example in the paper
“The Representation of Egomotion in the Human Brain” by Authors Matthew B. Wall
and Andrew T. Smith [16]. They state how significant the brain's ability to detect
egomotion is. They also describe the retinas ability to generate an expanding pattern
of optical flow. They go on to state there are specific areas within our brain that they
have managed to pinpoint that actively respond to optical flow stimulus. Although this
information might not be directly relevant to our project, | believe that it serves as a
proof of concept. The reason | believe this serves as a proof of concept is due to the
fact that in computer scientists a large portion of our advanced concepts and
algorithms are inspired by the human body. Some of the most technologically
advanced topics in computer science employ methods used in the body. For
example Atrtificial intelligence and the use of neural networks[18] and cybersecurity

and the use of immune systems[18].

Further research into robotic visual odometry has also yielded some relevant
findings. In the paper “The Use of Optical Flow for Road Navigation” there is an
analysis of the use of accurate optical flow data to possibly be used for autonomous
road navigation in the future [17]. The paper references the fact that there are

currently plenty of vehicles in use that make use of a variety of sensory information
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and video analysis techniques including optical flow analysis to help autonomously
navigate the road. One of the largest problems introduced by the paper is the fact
that on moving vehicles there are a lot of undesired vibrations as it drives over rough
or uneven road surfaces. This results in insufficient optical flow information being
retrieved from vehicle-mounted cameras. This is a very relevant finding and we,
therefore, must consider it when further building our system. As we know our
videographer will be moving, this will cause vibrations in the camera and thus result
in insufficient and accurate optical flow data. We must look at our system and
account for these inevitable vibrations in our footage. However, there are many
proposed methods we could use to accurately measure our optical flow data, such
as the low complexity algorithm proposed by Florian Raudies and Heiko Neumann
[19].

Research into Neural Networks and visual odometry

During the course of our project, we have also conducted an extensive
amount of research into the development of convolutional neural networks for use in
determining the optical flow of a sequence of images. There are numerous studies
and papers that have been conducted in this area and they could have possible
implementations in our future prototypes. What we found in most of these research
papers however was the fact that their evaluation methods were conducted with the
KITTI dataset [25]. This dataset has a vast number of recorded information from a
car that had been outfitted with a variety of sensors. In figure 9 you can observe the
car outfitted with all of the sensors that have been used to produce this dataset. It is
considered a standard benchmark for evaluating monocular and stereoscopic

odometry or ego-motion.

17



360F Velodyne Laserscanner

Stereo Camera Rig (aie—all- oPs
LS e :

.’:\-kll::;'.'l:l‘i;‘..ll-lll;'} ==l Culir]

Figure 9. Sensor car used to record information for the KITTI dataset [25].

One of the main reasons for the use of this dataset is because of the current
trend in autonomous vehicles. As we see companies such as Tesla innovate in the
field of autonomous vehicles it has triggered a vast amount of research to be
conducted in this field. Initially, this seemed promising due to the fact that accurate
ego-motion would be extremely relevant to our project. However, we discovered after
extensive testing that most of these methods rely heavily on the assumption that
forward momentum is extremely dominant. This assumption would be accurate in a
situation such as a vehicle movement, but in our case, the assumption does not
always hold. What we found is that some of the algorithms that we tested predicted
that there was forward motion from simple camera rotations. | believe these results
were produced because on the KITTI dataset the cameras were positioned in a
stationary position meaning the cameras themselves were unable to rotate
independently from the car. This meant that within the dataset the only way for the
camera to have rotation was for the car to have rotation and the vehicles used in the
KITTI dataset were unable to rotate on their own access meaning there always had

to be a form of translation present where any rotation occurred.

A major advantage imposed by a deep neural network in the analysis of our
videos is the fact that it would be able to interpret information from almost any
camera without the need for specific calibration of the program. In other conventional
methods of visual monocular odometry camera calibration can be critical in achieving

accurate results. If we were to use a neural network in our approach to solving this
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problem we would have the possibility of expanding our system to be able to

interpret alternative types of videos recorded on other types of cameras.

Requirements

After conducting our research we have been able to conduct a requisite
analysis. The analysis concluded that because of the considerable computational
power needed to process video, it would be beneficial to make use of powerful
hardware[8]. As we can see in figure 10 we can see that NVIDIA’ Titan V is most
effective in processing video using the widely Adobe software Premiere Pro CC
2017. For us to conduct rapid prototyping on our software it would be extremely
efficient to have sufficient computational power using equivalent GPU’s and CPU’s
shown in figure 10, thus being able to evaluate and further develop our software with

greater time efficiency.

Although we can conclude that our software would benefit from the use of
high-performance hardware it is not a necessity. Due to our project being able to
make use of multiple threads within the CPU we are able to process at an average
rate of 14FPS with our current methods and hardware. Therefore if we take the
average video length that RITS has provided us which is around 3 minutes of raw
footage we can estimate that we will be able to process on average 1 video every 5
minutes on average hardware. With the current scale of the project, | believe that is
an acceptable amount of time for video processing however this could be optimised

in the future if required.
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Figure 10 - GPU and CPU benchmarks in video processing using Premiere Pro CC
2017[9][10]

RITS has specified that this requires a form of output with timestamp information on
which parts of the video are moving and which are stationary they have stated that
they are relatively flexible with how we will represent the output information as a
secondary video editing system will be built around our software to further process
the videos. Therefore the only requirements that RITS has specified are that our
system should be able to take in any file with an MP4 format and that our system
outputs timestamp information of when the camera is stationary and when it is

moving.

Analysis and design

It is critical that we consider the design of our project and the reasoning behind some
of our design choices. Due to the specificity of our project, we do not have a direct
competitor to analyse and perhaps base our design choices of. We must, therefore,
consider how we wish to present data to users of our software. RITS has specified
that they will be looking to deploy a specialised video editing solution after we have
completed our project. This means that RITS will use our software in conjunction

with other software and case-specific systems.
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With the main user of our software being RITS we have been able to conclude
the input of the software and the output required of the software. They intend to input
files in an MP4 file format and they would like to receive timestamp information about
movement in the video. We have considered all design approaches to our system
and we have been able to determine that one of the most basic ways to proceed is in

a user request format.

Pl e e e Error messages

PROCESS

File path input S S » Cutput timestamp
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Figure 11. System design concept

In figure 11 you can observe our design concept for RITS. As our software is being
developed for professional usage we want our system to be as user-friendly as
possible. Therefore we have developed a relatively simple system that should be
able to perform its intended purpose with very little maintenance and very little
understanding of how our system functions. The system RITS intends to develop
should simply provide our software with the file path of the selected videos. These
videos will then be processed by our system and when our system has completed its
analysis it will output the sections of the video which are considered to be moving
and the sections which are considered to be stationary. Although we are not sure of
the exact format our output will be, it can easily be changed to any required format.
We have advised RITS that perhaps a JSON format would be advantageous as it is
widely accepted and easy to interpret. RITS has also informed us that it will employ a
system administrator who will handle any potential errors that come through. This
means that any error messages produced by our system should not be sent to the

user but instead to the system administrator.
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We were also tasked with designing an appropriate neural network(NN) for
our project. Designing a neural network can be a complicated process as there are a
lot of variables that can be adjusted to produce better results. Our software currently

makes use of a sequential neural network. This is the structure for our NN:

e Input layer consisting of 30 nodes

e Hidden layer consisting of 60 nodes
e Hidden layer consisting of 60 nodes
e Dropout layer 30%

e Hidden layer consisting of 60 nodes
e Dropout layer 30%

e Hidden layer consisting of 30 nodes

e Output layer consisting of 1 node

Figure 12. Code of the construction of our neural network

As you can see in figure 12 it is extremely easy to construct the foundation for our
NN with the use of Keras. Most of our functions use the “relu” activation function this

is also known as the rectifier function.
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As you can observe in figure 13 the rectifier functions works on the premise that if x

is less than 0 it equates to O if the variable X is greater than 0 it remains X. This
means that the range of the rectifier activation function is [0,°°]. This allows us to

avoid gradient vanishing.

After completing the design of our NN we needed to determine how our NN
would train in relation to the data. There are three main variables in altering the

training behaviour of our neural network:

1. Batch size
2. Epochs

3. Learning rate

The batch size of our neural network is the number of training samples our neural
network would use in each training iteration. We concluded that a batch size of 50
was appropriate for our system. An epoch is completed when the neural network has
passed over all the training data. We found that 500 epochs were enough for our

neural network to achieve the maximum possible accuracy. The learning rate of our
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neural network determines how much our neural network adjusts after each
backpropagation. We found that a learning rate of 0.01 was suitable for our neural
network. We use Backpropagation to train our neural network. This process involves
adjusting the weights of each neuron based on the error value we receive after each
backpropagation. Because of the fact that our training data is labelled our neural
network is able to calculate how inaccurate it was in determining the value of our
training data. Because it knows the percentage of error it is able to adjust its weights

accordingly.

Average Loss

0.8
06
04

0.2

Epoch

Figure 14. Graph of average loss over epochs

In figure 14 you can observe a good example of how a neural network adjusts its
weights using backpropagation to minimize the average loss of its results. The
learning rate determines how much we allow our neural network to adjust after each
backpropagation. To understand why we do not allow our neural network to train at a

rapid pace we must look at stochastic gradient descent.
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Figure 15. Basic graph of stochastic gradient descent.

In figure 15 you can observe what is called a 2d gradient descent graph. In the basic
graph, W is the weight of a neuron and J is error percentage. Each time our neural
network performs a backpropagation it knows which direction to change its weights
towards. In this graph, the initial weights are quite high and thus the initial errors are
also high. Our neural network knows that it should decrease the weight of this
neuron to achieve a lower percentage loss. Our neural network does not, however,
know by exactly how much it should adjust this weight just the direction in which it
should adjust it. If we were to allow our neural network to make a large number of
changes to the weights after each backpropagation there could be the possibility of
constantly overshooting the global cost minimum. This is the point at which our
neural network would achieve maximum accuracy. We concluded that a learning rate
of 0.01 allowed us to achieve the global cost minimum relatively quickly with good
accuracy. With our neural network, we also wanted to make sure we avoided
overfitting our model. Overfitting occurs when our model becomes too accurate at
predicting the training data with the result of not being able to accurately predict data
from outside of the training set. We can determine if our model is overfitting by using
a validation set. This validation set is a similar dataset to the training dataset

however it is not used to train our neural network but instead it functions as a test to
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see how accurate our neural network can predict data that it has not been trained on.
Overfitting is incredibly common when designing neural networks and the most
common way to solve it is by acquiring a larger training dataset. Another way to
avoid overfitting is by using dropout layers. Dropout layers are added to a model and
this layer will randomly select a percentage of nodes that it will ignore. This has the
result of increasing a neural networks generalisability. As you can see in our neural
network design we have added two dropout layers that dropout 30% of the nodes in

that layer.

Implementation and testing

Our goal is to develop the most effective solution for the aforementioned
problem. We must, therefore, analyse our solution to determine whether it is
effective. However, since our project is so specific by nature, there are no predefined
benchmarks or datasets. Therefore, the only way to evaluate our software'
effectiveness and efficiency is by comparatively analysing it to our previous
iterations. It is, therefore, required of us to maintain an extensive record of all our
previous software iterations and their corresponding achieved results. For this is the
only way we will be able to evaluate our final software and the progressions we have

made.

We will need to conduct appropriate data-interpretation methods to properly
evaluate our data. We can reasonably assume there are three most appropriate
ways in which we can comparatively evaluate our software. The first being the
observed accuracy of our results. This comparison would entail us looking solely at
the trueness of our results. The second would be a time-based evaluation. In this
comparison, we would observe the time taken to achieve the final result of each
iteration and prototype. Since we aim to run these tests on a standardised testbench
we can confidently isolate the cause and effect on our results. We can therefore

reasonably conclude that the time taken for the operation to be completed will
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directly correlate to the computational complexity of our software. Thus we will not
need to measure the computational complexity of each iteration. The third way, we
assume will be the most appropriate and effective evaluation. It will entail a
comparative analysis of the accuracy and the time taken to complete the process.
The reasoning for this assumption is on the basis that Regents IT Solutions requires
the most effective solution and not necessarily the most accurate nor the quickest.
We must stipulate that it is proper to conduct in an observational analysis to measure
precision in our results. We will certainly conduct precisional observations by
conducting repeat tests on the same software. However, since we expect our current
solutional methods to involve algorithmic approaches that will have negligible
precisional variation, we do not believe that it will contribute to a meaningful
evaluation. However, as stated previously this could be subject to change if we were

to observe a fluctuation in our precisional measurements.

Since our project’ goal is to develop a solution for a professional video editing
company we have other evaluation methods at our disposal. As stated at the start of
this report our goal is to develop a software solution that will increase RITS’ overall
profit margin. We would request that RITS provides us with the necessary data to
evaluate the change in profit margin for their video editing service. Considering that
they have already disclosed that the editing stage of the service is the most
cost-intensive, we should expect to see a considerable increase in profit margin. The
reliability and accuracy of our system will greatly affect this. If our system requires a
video editor to make corrections frequently the cost per video will increase.
Therefore we will also evaluate our project based on the percentage increase in

profit margin.

Data gathering is an incredibly important aspect of our project. Due to the fact we
plan to use a neural network to analyse our data it is paramount that our data is both
consistent and accurate. To produce our initial dataset we decided to gather optical
flow information from our video. We did this using OpenCV'’s goodFeaturesToTrack
method to determine the corners of the image to track and then determining the

optical flow based on those features with Lukas Kanades algorithm within the
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OpenCYV library. Initially, we felt very confident with the data we were receiving we
were determining the overall optical flow of the image and returning the change in
positions of the corners. We decided to compile our dataset using the average deltas
in X and Y coordinates of all the points for each frame. However, after extensive
testing with this method, we swiftly came to the conclusion that by including the X
coordinates in our dataset we were increasing both the complexity of our dataset and
the size of our dataset dramatically. We realized that the Delta in the average X
coordinates between frames in our video analysis would not be a differentiating
factor when trying to determine whether a shot was a stationary or moving shot. We
swiftly resolved this error by removing all the delta X coordinates from our dataset.
Figure 16 shows a graph which was produced in the initial testing of our dataset. We
have selected 3 random 30 frame samples to show a plot on the graph. There are 30
frames on the X-axis of the graph each represents a frame in the sample. The lines
are plotted by plotting the Delta Y between each frame on the Y-axis. As you can
clearly see there is a distinguishable difference between moving shots and stationary

shots.

Delta Y over 30 frames
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Figure 16 - a graph showing the 30 frames and the average Delta Y relative to the

previous frame.

Once we had gathered our initial samples and we were satisfied with our results we

decided to scale up our dataset dramatically by gathering 3000 seconds worth of
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footage of both stationary shots and panning shots. By increasing our data size this
dramatically we soon came to the conclusion that because the data analysis time
was increased from 1 minute to over 3 hours, we need a robust way to permanently
store our dataset on the hard drive of our computer permanently rather than store it
on the ram periodically per instance of our python program. Once we had processed

all our footage and stored it we again plotted a graph this is displayed in figure 17.
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Figure 17 - an Increased dataset on the same graph

As you can see even on an incredibly large dataset there is still a clear and
observable differential between moving and panning shots. Due to the fact that the
camera moves up and down whilst the videographer is moving the change in Delta Y
is increased dramatically compared to when the videographer is filming in a

stationary position.

Optimization of Data Gathering

Because we had again achieved our goal of showing the observable trend in a large
dataset we concluded that to conduct further testing we needed to optimize our video

analysis code. The reason for this was because it was simply suboptimal for our
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analysis to take over 6 hours to complete. We determined that because python by
default uses a single CPU thread to compute the program we could increase our
average frame per second (FPS) of video analysis by running our image conversion
and gathering on a separate thread that the initial thread that is being used to make
the optical flow computations. We decided on a queue based method, as we
believed this would be the most optimal for our program. Figure 18 Shows the layout
for our program. As you can see as the program is initiated there would be an
immediate divide in operations between the two threads. As the first thread starts
processing the video into individual frames and building the queue for the second
thread to make use of. This would, therefore, reduce the load on the second thread
dramatically. As both threads would start processing concurrently there was a
chance for the second thread to want to pull from the queue without the precence of
any frames in the queue as none had been processed yet. This would result in an
error, therefore, we concluded that it was beneficial to have an initial delay in
operations of our second thread. Allowing the first thread to build a sufficiently sized

queue before the optical flow calculations began.
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Figure 18 - Layout of our program

We initially thought that this would increase our processing FPS rate by over 140%.
Our average processing FPS before splitting the program into separate threads was
around 5 FPS this meant that to process 1 minute of footage it would take 12
minutes. We estimated that after our optimization we would increase our average
processing FPS to 14 FPS. However what we found was that our average
processing speed to increased significantly less than we expected, to only 8.5FPS.
Although this was still a 70% increase in efficiency it was less than we had expected.
Because of this we decided to conduct further research into why this might be the
case. The most effective way to analyse our code was by running a profiler on it. By
doing so we discovered that there was one particular line that was consuming the
most of the processing time. As you can see in Figure 19 line 136 has taken up 73%
of all the processing time of the most computational intensive function of our

program.
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e

analyse(filename):

StartTime = ne ()

i I i hots Tests/' + filename

Analysing: " + filepath

deoCapture('moving shots/" + filename)
»Stream(filepath).start()

time.sleep(

fps = FPS(Q).

# Take first frame and find corners in it
old_frame = fvs.read()

9996.0 9996.0 % old_gray = cv2.cvtColor(old frame, cv2.COLOR_BGR2GRAY)
261081.0 261081.0 L p0 = cv2.goodFeaturesToTrack(old gray, mask=None, **feature_params)

# Create a mask image for drawing purposes
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2722078.0
10303.0

Figure 19 - Line Profiler of data gathering code

The function of line 136 is to find an array of good features to track within an image.
After conducting research into the exact algorithm used by OpenCV to find these
points. We concluded that the processing time of that function was due to the fact it
was running an inefficient operation for CPU’s to calculate. We believe that because
the function is running a calculation that is graphically intense it could be beneficial to
calculate this function in the GPU. However, we must conduct further analysis and

testing to conclude this theory.

Data Formatting

Due to the fact aim to use a neural network to distinguish between stationary video
and moving video footage, there are some steps we need to take before our data is
ready to be analysed. Although we have not yet started development on the neural
network we must consider that gathering a sound dataset is one of the most
important and essential tasks in data analysis. It is therefore of paramount
importance we have an efficient and accurate method of processing our data. We
need to develop a dataset that includes sample footage that is labelled as either
moving or stationary. This process is also referred to as labelling. The reason we

have to conduct this operation to our dataset is so that the neural network will be
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able to train itself based on the samples of information we will provide and
comparing them to their corresponding labels. Therefore what we have implemented
is a method of analysing moving footage separately to stationary footage. We supply
each function with different sample footage of stationary samples and moving
samples accordingly. Once the optical flow has been calculated and the average
Delta Y per frame has been recorded we store this in a list. We decided to split our
data into sets of 30 frames which equates to half a second of sample footage. This
figure may change in the future however this is subject to later-stage testing. List
structure 1 shown below shows how the data is structured each X representing a

figure of delta Y per frame.

List Structure 1: [X1, X2, X3, ........ X30]

Next, we create a list that will contain all our other 30 frame sample lists List
Structure 2 below shows the structure of our list containing all the 30 second
samples. We then save all this information to the disk naming the files “moving data”

and “panning data” accordingly.

List Structure 2:[[X1, X2, X3 ........ X301, [Y1, Y2, Y3 ........ Y30], ...... (21,22, Z3

Next, we import both our “moving data” and “panning data” and for each 30-second
sample we append either a 0 representing a moving label or a 1 representing a
panning label to a new list containing both the sample and the label as seen in List

Structure 3.

List Structure 3: [[X1, X2, X3, ........ X30], 1]

These lists are then appended to a larger list containing all the lists with the 30
samples and their corresponding label. You can see this in List Structure 4 below.
List structure 5 is an example of a list containing the dataset for the moving samples

as you can see the labels are set to 0.
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List Structure 4: [[[X1, X2, X3 ........ X30], 11, [[Y1, Y2, Y3 ........ Y30], 1], ...... [z1,
72,73 ........ 7301, 1111

List Structure 5: [[[X1, X2, X3 ........ X30], 0], [Y1, Y2, Y3 ........ Y30], 0], ...... [z1,
72,73 ........ 730], 011

The final stage of our data processing is to combine both the moving and the
stationary final lists (List Structure 4 and List Structure 5) and then randomizing the
order of the list. The reason for the index randomization of the final list is due to the
fact that we believe our neural network will be able to train itself more accurately if it
has a randomized assortment of moving and panning shots in the dataset rather

than first having all the stationary samples followed by all the moving samples.

First experiment with artificial intelligence

Due to very little published research being published on the niche area of my
use case we have no way to know the effectiveness of our method. We, therefore,
decided to run preliminary tests before we continue down this path of development.
Therefore we decided to to use an artificial intelligence framework named Keras[20].
Keras allows for the use of artificial neural networks with relative ease in the Python
programming language. On their website, they describe one of the main benefits of
their framework: “Allows for easy and fast prototyping”[19]. Keras is a powerful
library and can make use of multiple backends, we decided to make use of
Tensorflow as it is incredibly popular and well documented[21][23]. On keras’
website, they also state “Keras is an API designed for human beings, not machines.
Keras follows best practices for reducing cognitive load: it offers consistent & simple
APls, it minimizes the number of user actions required for common use cases, and it
provides clear and actionable feedback upon user error.”[22] Therefore we found
that this framework would allow us to build a simple sequential neural network to test
our data against real training data. By using keras we were quickly able to set up a

neural network with our limited research and knowledge of neural networks. We
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must emphasize that the objective of this experiment was to see whether we could
get a basic neural network to distinguish between the two different types of video
which we present to it in numerical list form. Once we had gathered our data and
stored it in pickle files[24], we ran our basic neural network. What we found is that
the neural network trained itself to be 66.678% accurate on our test data. Although
initially, we were not very satisfied with such a relatively low percentage. We soon
realised that there were an incredible amount of improvements to make regarding
both our neural network and our dataset. Therefore we came to the concluded the
validity of our current approach and we will make further progress using this
approach. One immediate improvement we could make is to gather more data, as

we theorize that this will increase our accuracy dramatically.

35



Demonstration

To fully comprehend how the software functions we will now demonstrate how
we trained our neural network with certain sections of code as a reference. In figure
20 you can observe a flow chart of how the datasets are gathered, prepared and
then exported. As we have previously discussed it is fundamentally important that
our data gathering methods are robust and consistent as our neural network will be

trained on this data.

Moving Videos Stationairy videos
Data extraction Data extraction

Data Preprocessing
and preperation

l

Export data

Figure 20. Flow Diagram of data gathering and preparation

Before we run our analysis program we first compile all the relevant video
footage into two directories. These directories are intuitively labelled “Moving Shots”
and “Stationary Shots”. We have two scripts which each use two threads whilst
processing the videos. In figure 21 you can see the main loop that our script uses to
extract the features between each section and then calculate the optical flow. In line

154 you can see that we calculate the delta in the Y coordinate of each particular
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feature. On line 158 you can observe us calculating the average change of the Y
coordinate over each of the extracted features. This average delta Y is then stored in
a list named “currentPatternArr”. Once our loop has passed over 30 frames we

append our list to a two-dimensional array named “patternAr”. This array holds all the

delta Y values for each of the seconds of our clips.

Figure 21. While loop for feature detection and dataset creation.

Once we have looped through all the videos within each folder we export our data
into a pickle file so that our data can be stored and maintained as a list. This reduces
computational complexity as it means we will not need to parse our data from a text

or CSV file. In figure 22 you can observe us printing to the console. These lines are
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printed after each video sequence has been processed. It allows us and the system
administrator to make sure the process is running without errors and how long the
process is expected to take. Because these are some of the most time-consuming
operations it is vital that we receive feedback from our system to ensure that our
system is running nominally. We print 4 lines of critical information to the observer.
Firstly we inform the user that the system has completed processing a video. The
system then prints out a sample from the pattern array of that sequence, this is so
the user is able to determine if the data is valid and as expected. The system then
proceeds to print out the average speed at which the software is able to process the
video. The metric for this speed is frames per second or FPS. The user is then
presented with the total amount of time taken for the software to complete that

particular sequence. In figure 23 you can observe what this would look like for the

user in a real data gathering scenario.

Figure 23. Real console information from the data gathering process.

During the training of this neural network, we have had to run this process a
number of times. This is why we chose to use multi-threading in this section of the
process. This allowed us to almost double our processing time per video sequence.
Even with this increase in performance the average processing time for our datasets
was almost 3 hours. This is why we chose to store all our recorded datasets and
create backups of our datasets in chronological order. This allowed us to keep track

of our datasets and also allowed us to iterate through them to test different datasets.

38



In figure 24 you can see the last lines of the script which stores the arrays and also
informs the user that the backup has been created. It also informs the user that the

process is complete and the total amount of time taken since the start of the

program.

Figure 24. Last lines of dataset collection scripts.

Once our data has been gathered we move into a separate script that will
preprocess all our data for the neural network. One of the most fundamentally
important aspects of this preprocessing is the adding of labels to the data. These
labels allow the neural network to determine what the outcome should be for each of
the training datasets. In figure 25 you can see that our script first imports the data
from the pickle files produced by our data gathering scripts. In figure 26 you can
observe how we create a new array with each element of the datasets having a label
attached to it. For the moving datasets, we have used the label “0” and for the
stationary datasets we have used the label “1”. The usage of single integers as

labels allows for a more compact data structure.

Figure 25. Datasets stored as pickle files are opened.
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Figure 26. Data processing and labelling

Once both of the datasets have been labelled they have to be combined into
one large array. In figure 27 you can observe how we append both datasets to a new
array named “FinalProcessedDataset”. Once these datasets have been combined
we then proceed to shuffle the entire array. We shuffle the array as this promotes
more effective training within the neural network. Once we have completed this we
split our arrays again into two separate lists of the labels and the delta y per frames.
You can observe this in figure 28. Both of these arrays will have corresponding
indices. For example, the label for the data in index 242 will correspond to label 242
in the label list. We do this as the neural network expects us to input two lists, one

with the data and one with the corresponding labels.

Figure 28. Shuffle array is split into two arrays.
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In figure 29 you can observe the data being stored as in JSON format this is
because we have to execute our neural network in a python version 3.6. JSON
format is a universally accepted format that allows us to robustly transfer data from

one python version to another without the possibility of data corruption.

Figure 29. Exporting of the arrays and printing success confirmation

The next stage of our process is to train and test our neural network. We do
this all within one script. As you can observe in figure 30 we import the datasets. The
test datasets consist of very similar data to our training datasets but these datasets
only include approximately 50 seconds of footage. These testing datasets are used
to test our neural network after it has trained itself with the training datasets. In figure
31 we observe the last verification of the data before we import it into our neural
network. This final verification step is in place to ensure the robustness of the
operation and to avoid any possible errors by having elements in our dataset that
might vary in size. In figure 32 you can observe our data being converted into a
numpy array this is because the neural network requires it to be of this data
structure. You can also observe in figure 32 how we specify the shape and size of

our neural network.
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Figure 32. Datasets are converted into numpy arrays and neural network model is

created.
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Once we have created our neural network model it is time to compile it and train it. In
figure 33 you can observe how we compile it using “model.compile” this function
takes in a variety of variables namely what type of loss function and optimizer we will
use. As previously stated we will use Stochastic gradient descent with a learning rate
of 0.01. Once we have compiled our model we use “modle.fit” with our training
datasets and our test datasets as inputs. We also specify the batch size and the

number of epochs as discussed during the design section of this report.

Figure 33. Compilation and fitting of our model
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Evaluation

The neural network we have built and trained with this limited amount of
training data currently produces an accuracy metric of 66.678%. This means that it
can determine whether a frame is moving or stationary with 66% accuracy. The way
in which our program would operate currently is it takes as input a video file, this
video file is then analysed frame by frame. The required data is then extracted from
the frames and this is then passed to the neural network. The neural network then
analyses each second of video and determines whether that second is either a
stationary second or a moving second. This information is then outputted either in
the form of printing to screen or printing to a text file. The program can currently
analyse videos at an average speed of 11fps. As we previously discussed RITS has
advised us that the average length for raw videos files will be 3.5 minutes. This
means that our software will be able to analyse an average video in under 10

minutes.

Although the performance of our neural network is relatively poor in accuracy
the speed and design of the system are effective. This is due to the removal of
complex mathematical functions that would be required without a neural network in
place. This means that our software is able to categorize each second in extremely

quickly.

Research
Prototyping
Development

Optimization

Fig. 34: Gantt chart produced in November 2018
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Fig. 35: Gantt chart produced in January 2019

In figure 34 you can observe the Gantt chart that was proposed at the start of
the project with figure 35 displaying a revised Gantt chart that was produced the third
month of the project. As you can see in the second Gantt chart there was an
increase in the prototyping stage of the project that would run in parallel with the
development stage of the project. This was due to the extensive amount of testing
that needed to be conducted to produce such a complicated and novel software
package for our specific use case. The management of the project in regards to the
Gantt chart in figure 35 was accurate and all milestones were reached on time.
However, with our current method and timeframe, we were not able to produce a

neural network with greater accuracy than 66%.
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Conclusion

To conclude this report we will critically evaluate both the development
process and our software package as a whole. During the initial stage of research
and prototyping of the project, we came across a methodology that produced
promising results with relatively low computing complexity. This meant that
theoretically, our method would allow us to produce software that was accurate and
fast enough to be used as professional software for RITS. With this in mind, we
extrapolated on this research and tried to produce software using this method alone.
However, after further testing, we concluded that our method was incredibly fast

however it was not producing results accurate enough to be used professionally.

Looking back at our initial approach we believe that there could have certainly
been improvements in how we approached this project. We believe that the
complexity of this problem would not allow us to produce a professional software
package in this timeframe with the limited amount of human resources available.
What we have been able to do however is demonstrate to RITS the capabilities that

neural networks have in this field.

The software package we have produced functions as a great foundation for
further development within the company. We have proposed that with a larger time
frame and with more resources we could produce a neural network that may be
slower but that will have increased accuracy. Although we predict that this neural

network will have a significantly larger computational complexity.

Our current approach of extracting optical flow information from the video
sequences relies on the Lucas Kanade method of detecting features on the image
which we should track. This gave us a relatively small array of optical flow
information with an average size of 32 X and Y coordinates per frame. We have
however hypothesised a new approach which we have offered to work on further for
RITS. This approach would consist of extracting the optical flow information for every

single pixel within the image sequences. This is also known as dense optical flow.
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Dense optical flow would be extremely computationally complex and we predict that
our neural network would need to be able to digest a four-dimensional array of
information to accurately predict this. For a full HD image per second, we would
produce an array of size 30x1920x1080x2 this would equate to 124,416,000 float
values per second of footage. We have suggested that there would be ways in which
we could dramatically decrease the size of the dataset by optimising our matrices.
However, this would need to be tested which would take a large amount of time and
resources. In figure 36 you can see an example of this dense optical flow being
visualized. You can see the direction of motion of the camera by the trail of the green

lines attached to each pixel.

Figure 36. Example of visualised dense optical flow

Although we have not been able to produce a neural network that is able to produce
accurate enough results for professional usage | believe we have provided RITS with
a proof of concept and the necessary research to produce a neural network that is

accurate enough to be used in a professional environment.
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Appendix A: User guide to the software

In this appendix, we will discuss how to use and test the software that | have
attached on the USB drive. On the USB drive, you will find two primary directories.

al MName Date modified Type Size
Project pan - Python 3.6 25/04/2019 21:56 File folder
Project Pan - Python 2.7 25/04/2019 21:59 File folder

Figure A.1 - USB directories

As you can see due to incompatibilities with some python packages we have had to
split our software to use python 2.7 and python 3.6. Most of the operations occur in
the python 2.7 scripts and the neural network is run on python 3.6. Due to the size
restrictions on our USB, we have had to remove some of the training video
sequences, Therefore, your results may vary. In the file “Project Pan - Python 2.7”
you will find a variety of files however there are three main ones that are essential to
the project. “PanningPatternStorage.py”, “MovingPatternStorage.py” and
“‘DatasetProcessing_Keras_Al.py”. PanningPatternStorage.py takes all the
sequences in the “panning shots” folder and analyses them. Next, you will want to
run MovingPatternStorage.py and this will analyse all the files in the “moving shots”
directory. Once these two scripts have been completed you can run
“‘DatasetProcessing_Keras_Al.py” which will process all the data for the neural
network. There is a requirements.txt file within this directory that will have all the
python dependencies necessary to run this software.

Moving on to the directory “Project pan - Python 3.6” the scripts in this directory
require python 3.6 to run. In this directory, you will also find a requirements.txt file
with all the dependencies to run the code. Once you have copied the JSON files that
you generated with the “DatasetProcessing_Keras_Al.py” from the “Project pan -
Python 2.7” directory you can run “Keras_Al.py” located within the “PanningDetector”
directory. This will then train the neural network and provide you with the accuracy of
the neural network.
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Appendix B: Supervisor Log

NAME: Christiaan Burrett-Bijlstra
STUDENT NUMBER: M00608813

and report structure

Date Comments Supervisors
signature
15/11/2018 Discussion regarding the IPP | Michael Heeney
18/1/2019 Discussion regarding the Michael Heeney
literature review
26/04/2019 Discussed final submission Michael Heeney

Apart from these formal meetings we have also conversed informally

regarding the project during class sessions.
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