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[bookmark: _Toc87478961]Abstract
This report serves as documentation for the research and practical aspects involved in using deep learning to find and detect wildfire in rural areas via the use of unmanned aerial vehicles.  The methods of detection are entirely automated with deep learning being the primary tool used for identification and classification.  The results of both the neural network and drone environment’s prediction speed shall be discussed.
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1. [bookmark: _Ref87299343][bookmark: _Toc87478967]Introduction
The purpose of this project is to research and develop a means of detecting wildfires in remote locations by way of deep learning, using a virtualised unmanned aerial vehicle as the platform from which testing can occur.  Key research into the field shall first be undertaken before narrowing in on prominent figures paramount to the subject matter and investigating their approaches and outcomes.  Once this has been established, methodologies shall be outlined, setting in motion a clear roadmap for the project and its deliverables.  A robust design process shall then take place, taking care to gather resources and address any issues that are likely to arise.  Following this phase, the implementation shall begin, with the development of both a suitably trained neural network, along with a custom built Docker container serving as a virtual drone.  The results obtained from testing these features shall then be explored, with a discussion on how well they performed and reasons for said performance.  Lastly, an evaluation of both the practical and theoretical aspects of the project shall be completed to expose both its shortcomings and achievements.


1.1. [bookmark: _Toc87478968]Project Rationale
The threat of wildfire has existed for millennia, and recent methods of detecting and eliminating it have evolved from watch towers to wireless sensors.  This project explores a way in which wildfire can be detected with no risk to human life, and no ground mounted infrastructure in hot spot areas.  With the recent wildfires in California in 2017, Greece in 2018, and Australia in 2019, it is clear that more can be done to locate fires faster and far more efficiently.
1.2. [bookmark: _Toc87478969]Aim
This project aims to:
Examine, develop, and evaluate the use and suitability of convolution neural networks embedded into unmanned ariel vehicles as a platform to detect and monitor wildfires.

1.3. [bookmark: _Toc87478970]Objectives
i. To critically revise the leading literature in the field, resulting in both an increase of understanding, and further recognition of the boundaries of the project.
ii. To formulate both project and developmental methodologies from which the research can be orchestrated.
iii. To design a system whereby the aim of the project can be tested.  This is to include gathering requirements for, and the development of, a software-based solution to the outlined issue.
iv. To analyse the outcome obtained from both the machine learning and the containerisation aspects of the project, with this analysis propelling a comparison to works undertaken in the literature review.
v. To evaluate each segment of the project and discuss the varying successes, losses, and potential for future work. 

1.4. [bookmark: _Toc87478971]Report Structure
The following sections of this paper align with each objective stipulated above, thus following an intuitive route from the initial research, to an evaluatory close.
2. [bookmark: _Toc87478972]Background Research & Review of Literature
2.1. [bookmark: _Toc87478973]Introduction
Serving as a source of both relevant background information and a cross comparative analysis of related works, this section aims to provide the reader with the knowledge required to fully understand the nature of the project, and the means by which it is to be undertaken.
2.1.1. [bookmark: _Toc87478974]Research Focus
Much of the research will focus on Convolutional Neural Networks and their application towards classification style tasks, and Containerisation’s ability to provide a micro-environment that aims to serve as an emulation platform for testing.
2.1.2. [bookmark: _Ref77330735][bookmark: _Toc87478975]Background Context
The oldest of these detection systems is the fire tower, and whilst a human’s ability to detect smoke/fire is very high due not only to the human visual system, but also intuition and smell, the fire tower is a large static object that must first be built, which in itself is not easy due to the geographical remoteness of these structures.  Also, even with an elevated position and 360 degrees of vision, range is limited, and optics can only extend this range so far.  These factors are shadowed however by the level of danger that the occupants of these watchtowers are subject to.  Aside from the obvious threat of remaining present for months in an area which is prone to wildfire, other threats reside such as dangerous wildlife (bears, snakes, etc.), adverse weather conditions (many fire towers are constructed on high ground, making them susceptible to lighting strikes [1]), and the strain on the individuals mental fortitude.
Modernised approaches have all but eradicated the need for fire towers and the manual detection of fire.  Technologies such as wireless sensors, cameras, and smoke detectors allow for the finding of fire to be done remotely, and with many of these systems linked to a small number of operators, less manpower is needed to raise an alarm [2].  There are some negatives to these methods however, with the first being the need for additional infrastructure to power these devices.  Cables carrying electrical currents through areas that are prone to ignition has its own clear drawbacks.  This coupled with the periodic need for maintenance due to constant exposure to the elements, along with the threat of the complete destruction, and therefore replacement, of the unit due to either the aforementioned elements, or from wildfire itself, renders this approach as both a fast way of obtaining data from many areas, but also a potential financial drain over prolonged periods of time. 
2.2. [bookmark: _Toc87478976]Neural Networks
2.2.1. [bookmark: _Toc87478977]Preface
The purpose of this section is triadic, with an initial focus on the history of machine learning, specifically the timeline of events that transpired between the inception of ML and the modern-day technologies that have emerged as a result of it.  Following this, a brief overview of how neural networks have affected the field of computer vision (CV) in recent years, before finishing with an analysis of Convolutional Neural Networks (CNNs) and the differing architectures that they compose of.
2.2.2. [bookmark: _Toc87478978]The History of Neural Networks
One of the earliest developments in the field of machine learning came from a paper authored by Warren McCulloch and Walter Pitts [3] in 1943, which involved both the mathematical blueprints and electrical hardware needed to mimic a human neuron.  Prior workings on the topic were limited, but the work carried out in their project opened up opportunities for new research to be conducted.
	In 1950, Alan Turing [4] presented a means of determining whether an application had reached the status of artificial intelligence by subjecting it to his ‘Turing Test’.  This test was simple in both its testing measure and its requirements.  It involved a human engaging with the application through a conduit (be it a terminal screen or some other medium), and from their perspective, the entity that they were engaging with was an unknown (they would not know if they were conversing with a human or machine).  If the human could successfully conclude that they were indeed interacting with a machine, then the application had failed in its task.  However, if the human subject believed that they were communicating with another human, then the test was a success.
	Rosenblatt furthered the field in 1958 when he developed the Perceptron [5] which focused on the problem of pattern/shape recognition.  This development was instrumental in the advancement of the field as its success gained international recognition and was published not only within the academic journals of the time, but also general newspapers available for public purchase.  This work focused on the idea of an artificial neuron, based on its biological counterpart, and can compute problems by taking in a set of inputs, multiplying them with their associated weights, and then summing this value to get a final weighted value.  This value is then passed through an activation function which in turn becomes the perceptron’s output.
2.2.3. [bookmark: _Toc87478979]Neural Networks & Computer Vision
Prior to the recent injection of Deep Learning Computer Vision techniques, the traditional means of attaining information from image data composed of image thresholding, edge detection, and corner detection [6].  These techniques are indeed able to perform actions that are now commonly associated to neural networks, such as image classification, but doing so came with limitations on what was possible, with an example being image classification with more than one class, or class instance, present in the image.  
One of the main advantages of neural networks is that they are trained, instead of explicitly programmed, allowing them to learn from past mistakes and acquire greater accuracy moving forward.  This has opened up the field of machine learning to those whose background may not be deeply embedded in computer science, thus furthering the volume of individuals using it and propelling the field forward at a greater pace.  In conjunction with this, the abundant levels of data that are available flow neatly into algorithms that can use it to build their levels of accuracy up over time, gradually excelling in their purpose.
	Computer vision on the other hand is by no means obsolete, even after the widespread adoption of machine learning.  There are many scenarios whereby traditional CV methods outperform NNs such as image-stitching and 3D mesh reconstruction [7].  There is also the issue of the effects of poorly compiled datasets, or those that have undergone a less-than-satisfactory pre-processing stage, resulting in machine learning models that mirror that poor quality. 
2.2.4. [bookmark: _Toc87478980]Convolutional Neural Networks (CNNs)
Although traditional fully connected neural networks are capable of working with image data, they are not renowned for it.  Convolution Neural Networks are routinely championed as the best way to work with data of this type, especially when dealing with image classification problems [8], [9].  What sets CNNs apart from traditional neural networks when working with images is the idea of local receptive fields, shared weights, and pooling layers [10], [11].
2.2.4.1. Local Receptive Fields
If an image were to be used as the input to a fully connected layer, it would have to be flattened beforehand, essentially transforming a 2D array of data into one dimension.  Whilst this may work for primitive images, the results it would produce classifying a complex RGB image would be substandard.  The CNN works around this by allowing the input image to retain its natural  dimensions.  Following this input, a kernel is created that is ideally as small as possible but still able to cover the image in a respectable time, and for this reason the usual kernel sizes seen are either  or .  This kernel is then placed over a collection of pixels that match its size and is swept over pixel blocks in an iterative fashion until every kernel-sized block of pixels has been processed.  Figure 1 highlights two different kernels overlayed onto the pixel data.
[image: A picture containing diagram
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[bookmark: _Ref86871700][bookmark: _Toc87114026][bookmark: _Toc87543122]Figure 1 - Two Kernels atop Pixel Data
This is known as the Local Receptive Field (LRF) and is applied to every group of pixels within the image, with each producing a map to a singular neuron in the following layer.  Figure 2 showcases this mapping process.
[image: Chart

Description automatically generated]
[bookmark: _Ref86871904][bookmark: _Toc87114027][bookmark: _Toc87543123]Figure 2 - LRF Mapping
This results in the initial layers of the network uncovering primitive shapers from within the image (straight line edges, corners, etc.), and the deeper layers building more complex shapes using the previously learnt knowledge.  If the network is deep enough, it can learn extremely complex shapes and patterns, and use that to classify objects that it ‘remembers’.
2.2.4.2. Shared Weights
A principal issue for neural networks is the volume of parameters that they generate whilst training.  If input dimensions of size , are entered into a fully connected network which itself as an initial layer containing 1,000 neurons, the resulting parameter count would equate to 40 million, and this is just for a single layer.  CNNs reduce this value by way of sharing weights learned from previous layers, which in turn allows them to work with large inputs but retain an acceptable level of training time.    
2.2.4.3. Pooling Layers
To further the lowering of computational expense, a pooling layer is usually added immediately following a convolution.  The pooling layers are responsible for subsampling the input (usually by a factor of 2), before passing the result onto the next convolutional layer.  This will ease the stress of memory usage, lower the number of parameters further, and also clamp the chances of overfitting [12].
2.2.5. [bookmark: _Toc87478981]CNN – Architectures
This section shall delve into popular architectures, exploring the differences between them, and the problems they aim to overcome.
2.2.5.1. AlexNet
Prior to 2012, the majority of datasets were relatively small in size, and the networks that trained with them focused on narrowly scoped tasks.  Krizhevsky [13] sought to change this with the advent of AlexNet, which was a CNN that lifted the depth restrictions that bound other networks at the time, and allowed training to be conducted on datasets that contained millions of files.  During its first deployment in a competitive setting, it outperformed the runner-up by 10%, which is a massive margin to gain.  
	The architecture was made up of twelve layers (three of which being MaxPooling layers, and one being the input layer), and each of these used ‘ReLU’ as the activation function, instead of ‘Tanh’ which was the standard at the time.  The success behind the architecture did not simply come from its layering.  Krizhevsky’s team introduced multiple features (labelled below) that reduced training time and parameter count, and these changes combined are what elevated AlexNet’s competency status.
i. ReLU nonlinearity – As mentioned above, the switch from using  to ReLU allowed the model to reach a 25% training error six times quicker, whilst retaining the same level of accuracy.
ii. Using multiple GPUs – In 2012, GPU VRAM sizes were limited, with top end consumer models holding around 3GB.  Although this was suitable for the smaller datasets, it did not allow massive datasets (millions of images) to be trained in an acceptable time.  AlexNet was designed to be run across multiple GPUs, with the advantages being neuron sharing across multiple devices, and faster training times due to the extra computational resources.
iii. Local response normalisation – The purpose of LRN is to normalise certain areas of a feature map in order to reduce the ‘excitement’ of neurons and limit their ability to fire.  Krizhevsky claimed that this technique was responsible in a 1.4% increase in classification accuracy.
iv. Overlapping pooling – Most modern CNNs incorporate either Max Pooling or Average Pooling, but Overlapping Pooling was used to overlap feature sets, which in turn made it harder for the model to overfit.
2.2.5.2. VGG-16
VGG-16 is an architecture proposed by Simonyan & Zisserman [14] that vastly improves on the accuracy score of AlexNet and has become one of the iconic architectures available.  It outperforms AlexNet by adding many more layers in the pipeline but reducing the kernel size of each (for example, AlexNet’s kernel sizes ranged from 5x5-11x11) to 3x3.  Whilst this increased the accuracy of the model, the parameter count grew massively, with the paper citing roughly 138 million parameters. 

2.2.5.3. ResNet
The ResNet [15] series of architectures usually are seen with a value appended to the end of their name, for example, ‘ResNet50’.  This refers to the number of layers that the network holds.  ResNet was created to combat the issue of complex mapping that is typically associated to other networks.  Consider a scenario whereby a fully connected DNN holds an input that is equal to the output.  Standard backpropagation would ensure that the bias and weight values are extremely varied, whereas an ideal solution to this would be if all the weights were set to one, whilst all the biases set to zero.  This problem was addressed in ResNet by adding two features called Identity and Projection shortcuts.  Depending on the values currently set within the network, either one of these shortcuts are used to help eliminate the vanishing gradient problem.
2.3. [bookmark: _Toc87478982]Containerisation & Docker
2.3.1. [bookmark: _Toc87478983]Preface
Containerisation within the context of development operations (DevOps) refers to the ability to package applications into self-contained units which encapsulate all dependencies needed in order for a successful execution.  This includes everything from project specific files, third-party libraries, programming language packages, and even operating systems.  This level of isolation allows for the packaged system to be ported onto many machines whilst guaranteeing that it will run without issue, essentially eliminating the classic problem of code running on one machine, but failing on another [16], [17].
2.3.2. [bookmark: _Toc87478984]History of Containers
Platforms that offer containerisation have become a recent norm within the software development industry, with an organisation called Docker among the most popular at the time of writing.  Although many of these companies started within the last 10 years, the concept of isolating environments to serve as an enclosed system is not a recent development.  Version 7 of Unix, which became available in 1979, gave users the ability to create chroot jails, which clamps a user’s root directory to one specified by the administrator, thereby restricting the working environment available [18].  These setups were often primitive however, and required administrator rights in order to setup, which was at best, a hindrance, and at worst, not possible.
2.3.3. [bookmark: _Toc87478985]Containers vs Virtual Machines
Virtual machines have been used for decades as a means of segregating server hardware resources and dispensing them according to individual or group needs.  This allows for a single server to offer a multitude of isolated environments with varying operating systems, application packages, and configurations in parallel hosted from the same bare metal components.  Whilst propagating many advantages such as security, there are some drawbacks, with performance penalties, scaling, and hardware acquisition being the most prominent.
	Performance penalties arise due to the fact that a virtual machine is separated from the host OS via hypervisor which acts as a conduit through which hardware permission requests from the VM must travel.  This intermediate point results in serious performance loss for applications running inside a VM compared to the same application running on a native OS.
	Another key issue facing virtual machines is that of scaling.  If an organisation is facing expansion and requires five new virtual machines, this is unlikely to be a huge problem (unless server hardware already at capacity).  However, if one thousand new virtual machines were needed, this would pose a greater problem as hardware would need to be sourced to handle such a volume.  This issue is heightened due to the large memory footprint that is usually associated to VMs, and  are often bulky, cumbersome, and not very portable.
	Technologies like Docker aim to remove the problems surrounding virtual machines by working with two key concepts, an Image, and a Container.  Images and Containers have a very similar relationship to classes and objects in object orientated programming languages.  The Image is a blueprint that holds all instructions on how the container should be built.  This includes (but is not limited to) the operating system, programming packages, module/library installs, local file transfers, and run time executions.  These instructions are stored within a Dockerfile (an example of such a file has been showcased in Figure 1 below) and can be transferred to other uses locally, over a network, or via an online cloud repository (with Docker Hub being among the most popular).



[bookmark: _Ref86263274][bookmark: _Toc87114041][bookmark: _Toc87479112]Code Sample 1 - An example Dockerfile
Once the image has been constructed, it can be used to instantiate containers, each holding all the properties outlined by the image.  A key point to note is that containers do not require the use of a hypervisor, and therefore do not reserve hardware in the way that VMs would.  If a container is performing no work, it will be leaving much of the computational resources free for either host applications or other containers to use.  
2.3.4. [bookmark: _Toc87478986]Using Docker for Hardware Emulation
Emulating hardware involves designing a system with the aim of recreating the environment of a designated platform for the purpose of using it as if it was the real thing.  This has many use cases, such as limiting costs, subverting access restrictions to the hardware, and expanding development platforms for a team (it could be impractical for an entire software team to try and develop on a single hardware unit).  The usual method of achieving this is developing a simulator/emulator, and these will usually be running on a virtual machine, as discussed by Modares [19].
	Whilst virtual machines certainly work for the task, it was thought that a Docker container could serve as a suitable environment from which to emulate a drone.  The reasoning for this was that Docker containers are usually far smaller in size than a VM, they can spin up and be shut down far faster, and portability of the application is enhanced due to Docker’s Image based ecosystem which allows for any machine that holds the Docker engine having the ability to execute the application.  
Michelucci [20] discusses the advantages and disadvantages to using a Docker container as a host for a deep learning driven application.  The positive points discuss the rapid installation process, the easy loading of correct versions, and it being the simplest way to install Tensorflow GPU.  The negative issues involve the harder sharing of Jupyter Notebooks, the difficulty of using multiple environments, and interestingly, the limit of performance of the container due to the host machines’ hardware.  This last point has actually proven itself to be an advantage of this project, due to the CPU specifications of the host machine bearing a striking resemblance to that of a top end commercial drone.
2.4. [bookmark: _Toc87478987]Related Works
The methods used to detect fire have changed drastically over the last 100 years, with modern systems usually using one of the following four detection means.
i. Ionisation – An ionisation device maintains an electrical current between two metallic points.  That current is disrupted when smoke particles interfere, therefore causing the device to trigger.
ii. Photoelectric – In a similar fashion to the ionisation method, the photoelectric device fires a light in the detection chamber, and smoke will cause the beam to refract, thus causing the device to activate.
iii. Heat – The most self-explanatory of these methods, the heat detector simply makes note of any abnormal increase in room temperature, and alarms when a pre-defined threshold is reached.
iv. Photoelectric/Ionisation blend – This type of detection merely encompasses both the ionisation and photoelectric detection methods into a single device chamber, with the advantage being a faster response time as only one of the methods needs to be triggered.
A method that is seldom used to detect fire is video.  Chi et. al. [21], considers that the reason behind this is that most video detection algorithms use less-than-optimal techniques in their efforts and the results derived from such structures are rudimentary at best.  
	At the primitive end of the video detection spectrum lies approaches such as Chen & Wu [22] ( who used simple RGB observation to detect fire-like colours) and Çelik & Demirel [23] (used the YCbCr space to isolate the luminance from the chrominance), then followed by more advanced techniques such as Töreyin et. al. [24] (added to the basic colour detection method by using the wavelet domain to target potential flame flickers) and Ko [25] (who used vision sensors in conjunction with SVMs). 
2.4.1. [bookmark: _Toc87478988]Fire Detection Using CNNs Aboard Fixed-Wing UAVs
Georgiev et. al. [26] discussed the current methods of detecting wildfires and some of the troubles that can emerge when employing them, but also suggested a newer approach involving unmanned ariel vehicles and computer vision.  The paper discusses the use of manned fire towers situated in fire-prone regions, as well as fixed camera placements, and remote wireless sensors.  Whilst these more traditional methods clearly work, and have been used for decades, there is an abundance of issues that they present, as has been outlined above.  A CNN was deemed appropriate for the problem as the algorithm can learn and get better at its job without manipulating the source code and can adapt to different environments with greater ease.  
2.4.2. [bookmark: _Toc87478989]Fire Edge-Detection
Islam et. al. [27], sought to tackle the problem of an intelligent fire detection application hosted on an embedded system with lesser complexities than that of a system incorporating a Deep Neural Network.  It should be noted that the aim of their project was to effectively map out the perimeter of a given wildfire, paying special attention to its front line and the direction it is moving in.  The approach they proposed involved a consecutive sweep across all pixels within the image, paying special attention to those that conform to the pixel RGB and HSI rules previously stipulated by the user, from which binary classifications are assigned based on whether the algorithm determines whether the pixel belongs to either a ‘fire’ or ‘non-fire’ class.  Thus far, the result of the process is a binary image with darker areas indicating the presence of fire, and lighter areas showing areas that have either been already burned or have yet to be engulfed.  Following the generation of the binary image, the final stage is to create a convex hull that will highlight the shape and potentially direction of movement (if applied to video) in a graphical manner.  Appendix A1 showcases both the original image and Appendix A2 presents the binary image with a convex hull overlay.
	The authors of that paper expressed that their reasoning behind developing the application without the use of complex neural networks was to enable the increased longevity of the drone’s battery life, therefore allowing a longer flight time and hence more data to be acquired.  A major problem with this approach is that the algorithm can never ‘learn’ and become more accurate of its own accord.  It will perform consistently, and even identically, when the same (or extremely similar) images are subjected to it, and the only means of improvement come from human intervention by way of hardcoding rule adjustments.  Another issue is that the algorithm will have to be manually tweaked when a change in the geographical landscape is different, as different fuel sources can produce micro-variants in fire colour, potentially reaching a less than optimal threshold [28].  Due to the methods by which the pixels are classified, there is a chance for the mislabelling of pixels should the object they make up represent fire in one form or another.  A few examples of this would be emergency responder vehicle lights, metallic structures or debris, and water reflection.
2.4.3. [bookmark: _Toc87478990]Fire Detection with YOLO CNN
Yu et. al. [29], sought means of providing first responders with detailed maps highlighting suggested routes that they could follow to reach a point of emergency the fastest using a combination of CNNs, which would detect areas of danger that could not be safely navigated, and an A* algorithm, which was responsible for finding the desired route.  
	For the model architecture, the algorithm chosen was YOLO for its ability to accurately predict correct outcomes whilst maintain a tolerable calculation speed and surpassing the results of architectures that are already well established at dealing with object recognition in video format, such as Faster-RCNN [30].  The results that were obtained in this paper show the YOLO architecture successfully detecting 86% of images containing fire at 20 FPS.
2.4.4. [bookmark: _Toc87478991]DroneSAR
DroneSAR [31] are a new Irish born company focusing on equipping search and rescue teams with drone technology in order to locate casualties quicker and narrow the size of search areas.  Although there is not much in terms of documentation released by the organisation, they have shown video footage outlining their usage of machine learning to detect humans on typical Irish terrain (mountains, rivers, coastlines, and fields), whilst sideloading their application into a commercially available drone via Docker. 
3. [bookmark: _Toc87478992]Project Methodologies
3.1. [bookmark: _Toc87478993]Introduction
The focus of this section is to expose, refine and record methodologies that relate to the management of the project in terms of both its underlying structure, targets, and direction, as well as how the work shall be conducted.
3.2. [bookmark: _Toc87478994]Research Methodology
The nature of the project resides upon a plethora of modern technologies which make the act of predicting the success of its outcome difficult.  Although machine learning has been a branch of artificial intelligence for decades, the computational power required to do so within a reasonable time frame is far younger.  This coupled with the advent of small, commercially available drones with enough battery capacity to host the complex and expensive algorithms necessary to perform such tasks are younger still.
When determining the success precedent for the project, a benchmark case is preferred, if available, in order to validate whether or not the aim has been accomplished to a reasonable degree.  However, due to the tight degree of specialisation, it has not been possible to find a closely related project from which to predict the success of this on.
	Research into the topic area indicates that the aim of this project has not been undertaken as of the time of writing, and it is likely due to the reason stipulated above.  Projects similar to this are currently underway in various countries.  A team in Ireland called DroneSAR is working closely with the Irish Coastguard to develop a compact drone system that will use machine learning and drone containerisation to help find missing people trapped on mountain ranges or on the coast.  A Swedish company by the name of SOS Alarm has devised a system whereby emergency phone operators can dispatch a drone with a defibrillator payload to a casualty’s location if a cardiac arrest is suspected.  These technologies are only possible due to the miniaturisation of computational components and the expansion of battery technology in recent years.
3.2.1. [bookmark: _Toc87478995]Philosophy
The success criteria of the project will be judged based upon both the accuracy of the deep learning model and also its level of computational expense when sideloaded into a virtualised container that offers comparative specifications to the hardware found inside commercial drones.  As each of these results can be measured and analysed using numerical and statistical comparison, a positivist approach has been deemed appropriate as the philosophical orientation of the project.
	A phenomenological philosophy was not deemed appropriate due to its engagement with subjective observation and interpretation, and would have no place in collating the type of data expected to be produced from this project. 
3.2.2. [bookmark: _Toc87478996]Approach
Determining the approach of the project requires a speculative avenue to be forethought prior to the commencement of the planned undertaking.  It was quickly realised that an inductive approach did not fit the layout, expectations, and general style of the project owing to the existence of a theory and hypothesis already being predefined.  This, along with the natural progression of the proposal ultimately leading to a confirmation or rejection of the initial aim, cemented the deductive structure that would be used.
	A theory has been constructed based upon the findings of the literature review.  It is as follows; autonomous drones can be used to discover forest fires.  Many sources convey the current usage of drones in this role, but most are manually controlled by operators on the ground.  Based off this theory, a hypothesis for the project has been made; drones that utilise machine vision will accurately detect forest fires in a time frame suitable to the situation.  To test this hypothesis, a machine learning model shall be trained to detect wildfire, before being loaded onto a virtual drone environment, from which the performance of both the drone and the application can be monitored to see if this is viable.
3.2.3. [bookmark: _Toc87478997]Strategies
To limit the scope of the project, two strategies have been focused on to maximise both the success of the project in terms of its deliverables, and also the contribution of knowledge into the field of computer vision applications running on simulated embedded hardware.
i. Software Development – An application shall be made that demonstrates the practical ability of the project.  It shall be created as a means to test both the aim, and hypothesis, whilst adhering to general software best practices.
ii. Document Review – The reviewing of literature is vital in understanding the necessity of such an undertaking and will serve as a collation point for all background research into the area of study. 
3.3. [bookmark: _Toc87478998]Risks
This section will act as an assembly point for all risk related aspects of the study.  Firstly, it will firstly delve into the detection of risks and provide an example of each and how it could affect the project.  With an undertaking of this size, it is impossible to make note of all potential risks, so only the most prevalent have been showcased.  Following this, a threat indicator has been appended to each risk that highlights both the severity and probability of such an event happening.  This score shall be used later to visualise the project’s exposure to unfavourable scenarios.  Next is the mitigation stage, where an outline of all the measures needed to counteract the effects of each risk can be found.  Lastly, a risk matrix has been included to provide a visual means of digesting this information.  
3.3.1. [bookmark: _Toc87478999]Risks to Project Completion
A list of risks has been provided below along with values that indicate their level of seriousness and likeliness to happen.
A. Scope Creep – From its conception, up until the latter stages of development, there are likely to be changes in scope for the project.  These changes are expected but must be managed as to not shift the entire aim and end up answering a different question that was previously asked. Probability – 4, Severity – 3.
B. Extended Period of Sickness – With the Covid-19 pandemic still underway, scenarios of long-term illness must be catered for.  This does not just include the author of the project, but also the supervisor, administration staff, and librarians. Probability – 3, Severity – 4.
C. Poor Prioritisation Skills – It is imperative to ensure that each section of the report has a dedicated allotment of time and energy.  Focusing too much on sections that are ‘preferred’, whilst neglecting others would be detrimental to its success.  Probability – 1, Severity – 3.
D. Ineffective Use of Resources – Whether it be human (supervisors/personal tutor’s time, student services etc) or material (incorrectly setup computer, poor use of software), resources must be used to their fullest potential in order to maximise their effectiveness. Probability – 1, Severity – 2.
E. Knowledge Limitations – If the student should reach a point whereby the expectations of the project exceed the limit of their knowledge in a particular area, and the time frame does not allow for the required amount of research/learning to be undertaken, then this will have a severe impact on the deliverance of the report. Probability – 2, Severity – 5.
F. File Loss or Corruption – With all elements of this undertaking being digital, the loss or corruption of files could lead to catastrophic issues.  Probability – 1, Severity – 5.
G. Code Integration or Compatibility Issues – This venture requires multiple systems to work in parallel with each other as well as a vast amount of data that could be in slightly different formats.  Any misalignment that is not catered for could cause a sudden stoppage of progression. Probability – 4, Severity – 2.
H. Hardware Failure – As a result of the Covid-19 pandemic, all work is currently being completed on hardware owned by the author, instead of that offered by the university.  This, coupled with the computationally taxing nature of training a machine learning model, provides a unique dilemma whereby work could be at risk from sudden hardware malfunction.  Probability – 2, Severity – 3.
I. Procurement of Data – Much of the success of this project relies on external, third-party data that comes in the form of image datasets.  These datasets are sourced from websites, and could in theory be shutdown, removed or be otherwise inaccessible at any time.  There is also terms and conditions to adhere to that may block the use of datasets that would be ideal for this project, with legal ramifications for failure to comply.  Probability – 1, Severity – 2.
J. Interruption of Key Services – Services like Moodle and IEEE are essential to the fluidity of the task, and a sudden disruption would lead to time delays.  There is also the problem of personal internet connection, and a reliance on home user ISP packages.  The university would have access to business/enterprise grade support services, whilst home user internet problems caused by the ISP are likely to take far longer to resolve.  Probability – 2, Severity – 1. 
K. Conflict of Commitments – During the early stages of this project, the author found permanent employment with time bounds that could potentially pose a threat to the ongoing work needed.  Probability – 4, Severity – 4. 
L. Cyber Threats & Malware – With the threat of cybercrime increasing each year, and student’s work being targeted specifically by ransomware, the likelihood of malicious software disrupting the project is not an implausible risk.  Probability – 1, Severity – 4.

3.3.2. [bookmark: _Toc87479000]Preventative Measures
Whilst the list above details risks considered to be a threat to the project, the list below comprises of alphabetic points that mirror the letters of the points above and aims to provide mitigation strategies to their alphabet counterparts.
A. The design stage shall incorporate a requirement collecting task.  These requirements will serve to ensure that a minimum viable product is produced.  Any work that does not contribute directly to the deliverance of an MVP shall not be started.
B. Whilst general/mild sickness (even an extended period of it) would not necessarily hamper the quality of work being produced, a more serious illness most definitely could.  All means of work production has been outfitted to be done remotely from anywhere, allowing it to continue should home working be necessary.  In terms of supervisor sickness, the majority of the project can be completed without direct interaction, and remote meetings will more than suffice when aid is required.
C. The level of work required for each section of the project has been mapped against the marking criteria of the project stipulated by the university.  This will ensure that all parts receive at least the minimum volume of time and effort that is necessary for success.  This has been shown in a Gantt chart which can be found in Figure 18.
D. In terms of the material resources used, to ensure maximum efficiency only well-established software shall be used that is up-to-date and has been used extensively by the developer so that familiarity is present.  Hardware runs on a similar theme, with only devices that have been used a great deal being used for the project.  Human resources shall only be used when needed, and prior to contact a series of queries shall be formulated to ensure the key needs of the project are answered and not forgotten.  Appointments, if necessary, shall be made with plenty of notice and stored in a digital calendar.
E. To protect the development of the task against vast knowledge gaps, a list of research topics pertinent to the goal was compiled.  This list of topics is within the subject ability range of the author, and gaps that do emerge should not be massively detrimental to the project.
F. File corruption or loss presents a large problem as the entirety of the project is electronic.  With the threat of file loss emerging from events such as accidental deletion, cyber threats, power outages, file transferals, storage failure etc., the only way to truly safeguard work is to store multiple copies of all work on different machines that are themselves stored in different locations.  All files relating to this project are stored on a PC, two separate NAS units (one local and the other remote), and also in the Cloud.
G. The avoidance of compatibility issues and code integration is a difficult obstacle to plan for, as changes in software versions could happen at any time with unforeseen repercussions.  To lesser the threat of this, the primary systems used are to be well established in their respective domains, and newer technologies or applications will either not be used or used in moderation.
H.  Hardware failure is yet another example of an unpredictable event that could cause severe issues to the project.  The impact of this risk has already been somewhat mitigated by the File Corruption risk plan.  However, further to that, the university has machines on-site from which the development of the project can continue.  This would be done by tapping into the remote backup versions.
I. As with most machine learning projects, a vast amount of data is required for completion.  All data used has been validated as publicly available and free to use for academic and personal purposes.  A vast quantity (enough needed to perform a successful training period for the ML model) has been downloaded and stored in an offline storage unit to prevent the risk of these datasets being taken down or otherwise inaccessible on the internet.
J. Steps to maximise the portability of the problem (such as all work being completed on a laptop with both local and remote storage of the project) allow for the complete breakdown of internet deliverance from an ISP to the primary development local, and work can simply continue from the secondary location which in this case is the university building.
K. Work relating to the report has been planned for and allotted more time than necessary just in case of overflow.
L. The main threat prevention method against cyber threats is backup system that ensures data exists in a multitude of both onsite & offsite locations, and also hot & cold storage mediums (online and offline respectively).
3.3.3. [bookmark: _Toc87479001]Risk Matrix
A visual aid has been included below to show the relationship between a particular risk’s probability of occurring versus the impact on the project should it happen.
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[bookmark: _Toc87114028][bookmark: _Toc87543124]Figure 3 - Risk Matrix
3.4. [bookmark: _Toc87479002]Project Measurement
3.4.1. [bookmark: _Toc87479003]Generalisability
Whilst the scope of the project is to target forest fires and aid in their detection, there is no reason why different datasets could not be trained on, offering the drone a wide variety of potential assignments.  There is also additional modularity in that the virtual environment in which the algorithm is to be tested could be set up to mirror any number of embedded systems, providing a means of developing multiple systems, capable of targeting many problems, delivered via scores of different devices.
3.4.2. [bookmark: _Toc87479004]Reliability
The reliability, or consistency, of the project is subject to two differing avenues of research.  The first is the machine learning element, and with it the nuances of training deviations and dataset adjustments.  The second involves the isolated Docker container that is being used as a test environment.  This aspect is far easier to control due to the limitations of the container posed by the Dockerfile from which it is constructed. 
3.4.3. [bookmark: _Toc87479005]Validity
The project shall be incorporating industry standard tools to ensure that the accuracy, and therefore validity, of the work completed is at the highest level it can be.  Tools such as Tensorflow, Keras, and Scikit offer profiling/test functionality that allow the success or failure of the developed code base to be scrutinised properly. 
3.5. [bookmark: _Ref87299310][bookmark: _Ref87299315][bookmark: _Ref87299318][bookmark: _Ref87299322][bookmark: _Ref87299326][bookmark: _Ref87299362][bookmark: _Toc87479006]Data Collection
The success criteria of this project encompass two specific target outcomes, with each of these being measurable through both statistical analysis and numeric confirmation.  The first of the outcomes relate to the accuracy of the neural network with regard to its capacity to correctly identify images that contain fire versus those that do not.  The traditional metric that is looked at for this is the F1 score of the model.  This score is an amalgamation of both the network’s recall and precision.  The recall refers to the model’s ability to predict True Positives (TP) and is considered one of the most important metrics in this project.  The reason for this is owed to the notion that it is better in this instance to falsely predict an image having fire within it than to mark the image as having no fire, when in reality there is, i.e., an image containing fire slipping through the net and therefore being marked as ‘safe’.  Mathematically, recall can be presented in the following manner:

[bookmark: _Toc87114046]Equation 1 - Recall Equation
R denotes the total Recall, whilst TP and FN represent the True Positives and False Negatives respectively.
	Conversely, the Precision depicts the accuracy of each TP indicator, essentially outlining how accurate the model is when it makes a prediction.  It is expressed as follows:

[bookmark: _Toc87114047]Equation 2 - Precision Equation
An F1 score is more commonly used to surmise the level of accuracy that a network is capable of due to it forming from both the Precision and Recall trade-off.  The equation has been provided below.


[bookmark: _Toc87114048]Equation 3 - F1 Score Equation

This score will be a percentage that lies in the range of zero to one, with one representing 100%.  The higher the F1 score, the better the model is at predicting the class that is it related too.
3.5.1. [bookmark: _Toc87479007]Time Horizon
Due to the outcome of this project becoming readily apparent within quick succession of the testing phase, and no continuing work extending on for weeks, it can safely be assumed that the time horizon of the project is cross-sectional.
3.6. [bookmark: _Toc87479008]Development Methodology
There are a limited number of development methodologies, and an even lesser number of them available to a project with a single developer.  As such, Feature-Driven Development (FDD) has been deemed as an appropriate model from which to plan, design and execute each stage of the project lifecycle.  The main decision that led to its selection was its concise approach, allowing for each feature to be built almost irrespective of the others, and still receiving the level of design, planning, and construction that methodologies such as Kanban or Scrum offer.  Although the aforementioned approaches are extremely popular at present, and have been for a number of years, the intrinsic layers of them are fairly un-wieldy for such a small project, even when much of the team specific tasks have been trimmed.  Figure 4 below highlights the high-level FDD steps undertaken in this project.
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[bookmark: _Ref86937332][bookmark: _Toc87114029][bookmark: _Toc87543125]Figure 4 - Feature-Driven Development Overview [32]
3.7. [bookmark: _Toc87479009]Project Assets
Various assets spanning a range of channels are required to ensure solid project foundations, development, and outcome.  Requirements for each resource type have been detailed in their corresponding sections below.
3.7.1. [bookmark: _Toc87479010]Hardware
Due to the remote nature of the project along with access to physical university infrastructure being questionable during the current pandemic, it is worth noting additional material needs.  Firstly, a solid internet connection is imperative.  To facilitate this, modifications to the primary router have been implemented to allow priority (which devices relating to this project have been given) data to take precedence on the network.  Feeding this is a 200MB internet connection which on the surface sounds excessive, but when consideration is given to the need of large image-based datasets, sometimes exceeding 10GB, a connection like this saves a great deal of time.
	Building from connectivity comes the computational devices required for development.  Machine learning endeavours benefit greatly from a high performing CPU, or preferably, GPU.  If CPU bound, any device equal to or greater than an Intel i5 would suffice.  In regard to a GPU, an Nvidia card is needed as it has access to CUDA cores, which are used for training algorithms.  The storage system used comprises of local SSD storage for immediate project use and temporary dataset storage whilst training, and a supplemental long-term storage NAS unit.  Hardware used has been listed below:
i. TP-Link AX50 Router
ii. Synology NAS DS220+
iii. Dell XPS 9560 Laptop
a. Intel i7 7700HQ – 2.80GHz
b. 16GB RAM
c. Nvidia GTX 1050 GPU
d. 512GB M.2 NVME
3.7.2. [bookmark: _Toc87479011]Software
Software for the project comprises of three main areas.  These are Infrastructural, Developmental, and Documentational.
i. Infrastructural
a. Synology Disk Station Manager 7.0
b. Windows 10
c. OneDrive
ii. Developmental
a. Microsoft Visual Studio 2019
b. Microsoft Visual Studio Code 2019
c. Anaconda
d. Docker
iii. Documentational
a. Microsoft Word/Excel/PowerPoint/Access
b. Mendeley
3.7.3. [bookmark: _Toc87479012]Human
Lastly, the human portion of resources consists of a smaller list than would normally be expected.  As previously mentioned, this is due to the ongoing pandemic.  Nevertheless, a list of human-based resources has been listed below:
i. Project Supervisor – Gordon Dickers
ii. Course Director – Tim Bashford
4. [bookmark: _Toc87479013]Design & Architecture
4.1. [bookmark: _Toc87479014]Introduction
In order to efficiently construct the proposed product, a clear design must be conceived that serves as governance over all aspects of the build.  The following sections cover requirements gathering and priority allotment, design deliberation and considerations, key features of the project which relate specifically to design concepts that wish to be upheld. 
4.1.1. [bookmark: _Toc87479015]Design Deliberation
The first design segment to consider is that of programming language.  Although there is a plethora of languages available that could perform as needed, there are two which emerge as preferable, C++ and Python.  C++ offers the speed and fine memory management that cannot be achieved with a high-level language such as Python.  Due to the massive volume of data being utilised by the application, this would invariably be a welcome feature.  C++ also allows for compatibility with a range of machine learning based tools such as Tensorflow and OpenCV, which are needed throughout development.  However, the ease of integration with these same libraries in Python, along with the sheer volume of additional third-party modules, combined with the virtualisation of environments and general usage in the field of AI makes the selection of Python obvious.
	With the choice of language chosen, the next item to consider is the paradigm to be used.  Python is versatile in the fact that it is easy to use it to fit a number of paradigms, but for this project, Object Orientation is favoured.  It will allow for the simplistic modulation of code, and it is the style that the project developer has the most experience with.
	To keep the build as portable as possible, and to allow for maximum control over python modules, virtual environments have been used.  This means that a requirements list of all modules and libraries needed can be shipped with the finished product, thus ensuring its portability.  These environments also allow for different hardware to be used depending on what is available.  For example, Tensorflow offers modules that take advantage of either the CPU, or the GPU if one is available.  Two virtual environments have been made, each with one of the above versions.  This allows for a fast change in hardware usage depending on the level and type of computation needed.
	A number of third-party modules are needed throughout the development to aid in both training the algorithm and displaying results to the screen.  The most notable of these modules are Tensorflow (the API responsible for providing all machine learning functionality), and OpenCV (the API that offers various means of handling image/video data).
	Finally, the very nature of the machine learning landscape presents massive opportunities to experiment with different architectures that have been rigorously tested by key researchers in the field.  

4.2. [bookmark: _Toc87479016]Requirements
4.2.1. [bookmark: _Toc87479017]Introduction
The purpose of this section is to ideate the requirements needed for the project to be deemed a success.  The exercise shall be undertaken with the use of user stories, and although such a method is usually carried out by two parties, client and Scrum master, the developer shall be the sole source of the requirements.  The initial set of requirements are Epics, as they are too large to be tackled as a singular story.  These Epics are further broken down into smaller, manageable stories.

4.2.2. [bookmark: _Toc87479018]Epics
The following table comprises of the larger Epic stories, each will be given a parent identifier from which smaller tasks can easily be linked to.

	Epic ID
	Epic
	Number of
User Stories

	E01
	Loading images
	3

	E02
	Pre-processing data
	2

	E03
	Outputting data
	3

	E04
	Prediction of fire direction
	1

	E05
	Containerisation of algorithm
	2


[bookmark: _Toc87114037][bookmark: _Toc87479108]Table 1 - List of Epics
4.2.3. [bookmark: _Toc87479019]User Stories
The traditional user story stipulated by Mike Cohn [33] (an example of which has been provided below) has been chosen as the main means of obtaining useful requirements due to its ability to place the needs and use cases of the users that will end up using the software at the forefront of the design and implementation stages.
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[bookmark: _Toc87114030][bookmark: _Toc87543126]Figure 5 - Traditional User Story Layout [34]


	ID
	Parent ID
	User Story
	Priority Level
(1 – High, 4 – Low)

	US01
	E01
	As a user, I want to load an image of any type into the application, so that it can be classified.
	1

	US02
	E01
	As a user, I want to be able to load an unspecified number of images into the application, so that I can classify them in bulk.
	2

	US03
	E01
	As a user, I want dataset import checks in place so that incorrectly formatted image archives cannot be used. 
	1

	US04
	E02
	As a user, I want the ability to pass a new dataset into the application so that I can fortify the accuracy over time.
	4

	US05
	E02
	As a user, I want to be able to select from a list of pre-trained models, so that I can strengthen the capabilities of a particular model.
	4

	US06
	E03
	As a user, I want to receive visual indications of the model’s accuracy in the form of graphs, so that I can better understand how it is performing.
	3

	US07
	E03
	As a user, I want to see a mesh overlay on the output image, so that I can quickly identify the position of the fire in the image.
	3

	US08
	E03
	As a user, I want all output images sorted into a labelled directory system, so that it will be easier to find items of interest.
	2

	US09
	E04
	As a user, I want to be notified of the predicted fire direction, so that I can quickly determine the accuracy of the algorithm.
	3

	US10
	E05
	As a user, I want the model loaded into a Docker container, so that I can simulate a drone environment.
	1

	US11
	E05
	As a user, I want metrics returned from the container, so that I can monitor the effect of the algorithm on an emulated drone’s performance.
	2


[bookmark: _Toc87114038][bookmark: _Toc87479109]Table 2 - List of User Stories
4.2.4. [bookmark: _Toc87479020]Acceptance Criteria
To accompany the list of epics and user stories above, an acceptance criteria list has been provided in Appendix C1 – User Story Tasks, and it lays out the key points needed for each user story to be deemed worthy of completion.
4.3. [bookmark: _Toc87479021]Project Viability Exercise
4.3.1. [bookmark: _Toc87479022]Technical Viability
The project combines a multitude of computer science topics including machine learning, software development, and containerisation, therefore increasing the level of technical knowledge needed in order to complete it.  With two of the aforementioned topics being a relatively new area to the researcher, there is a risk of knowledge gaps hindering the flow of work.  However, due to the project not pushing the limits of their respective fields, but rather merging them together, the technical knowledge of each topic should not be in excess of what is known to the developer.
4.3.2. [bookmark: _Toc87479023]Economic Viability
The economic feasibility of the project is positive as all data required to train the models has been sourced from websites that do not charge for it, and the drone component of the project shall only be a virtual emulation and hence carries no monetary cost.
4.3.3. [bookmark: _Toc87479024]Legal Viability
There are no legal reasons as to why this project cannot go ahead.  All datasets have been sourced from reputable locations, and licences have been checked to ensure they are suitable to be used for academic purposes.
4.3.4. [bookmark: _Toc87479025]Operational Viability
The requirements displayed above provide enough segmented tasks to adequately establish a sustainable level of work to be done, covering both machine vision and containerisation.
4.3.5. [bookmark: _Toc87479026]Schedule Viability
The scheduling component to this exercise is slightly more complex as the researcher’s time is currently split between this work and full time employment at another organisation.  This has introduced many issues, but none being more severe than the time impact on the project.  Although this problem persists, time and tasks have been mapped accordingly to safeguard the working of this paper and to protect against both the potential lack of dedicated hours needed, and the induced stress of such a situation.
5. [bookmark: _Toc87479027]Implementation & Application
5.1. [bookmark: _Toc87479028]Introduction
The purpose of this section is to highlight the practical aspects of the project and to showcase the specific key areas in which effort was placed to ensure that the multiple technological streams needed were implemented.
5.2. [bookmark: _Toc87479029]Data Pre-Processing
Geron [35] claims that a significant part of the machine learning pipeline takes place within the pre-processing stages.  This stage works on ensuring that the data used in the application is of sound quality. The data involved in this endeavour is image-based, and as a result, comes with its own set of challenges.
5.2.1. [bookmark: _Toc87479030]Dataset Formatting
When working with image data, dataset sizes can quickly grow into extremely large pools of information.  Even when splitting this down into separate classes, directory sizes of 10-100GB are not uncommon and the using of such datasets comes with the problem of loading the data into memory.  Even with a machine that has 32GB of RAM, it is not possible to fit in the very large datasets.  To solve this problem Tensorflow contains functions that allow data to be streamed into memory from disk in chunks, therefore allowing appropriate blocks of data to be used at any given moment.  
To work with these functions, Tensorflow expects the dataset to be organised in a particular way, thus ensuring consistency across the rest of its helper functions.  The expected folder structure consists of the main dataset directory followed by subdirectories with the names of subsets that the data is to be split into ready for training.  Most commonly, the names ‘train’ and ‘test’ are used, occasionally accompanied by ‘validation’ (although the validation set can be virtualised within the application).  Inside each of the data type directories lies a list of further subdirectories, with each of these representing a class (and should be labelled as such) and containing all the images of that class.  An example of such a directory structure has been provided in Figure 6 below.
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[bookmark: _Ref84537310][bookmark: _Toc87114031][bookmark: _Toc87543127]Figure 6 - Dataset Tree View as Expected by Tensorflow
	  
5.2.2. [bookmark: _Toc87479031]Merging Multiple Datasets
During the dataset collection phase of the project, it was quickly realised that the niche nature of the images resulted in finding a number of small fire-related datasets rather than one large one.  Whilst this did not necessarily pose a problem, it did require some pre-processing efforts to ensure that the data could be fed into the system, and to do this, two main options were considered.  
	The first involved systematically iterating over the training of the algorithm, by way of placing the entire training process inside a loop.  Each iteration of the loop would change the dataset that was currently being used, and a log system would record which datasets have already been training.  At the end of each loop, the trained model would be saved, only to then be re-opened at the start of the next cycle.  This option was attractive during the early design stages, but it was quickly realised that the model would have a better chance to learn consistently if the data was belt fed all in one go.
	The second, and chosen, option was to create a script that was capable of merging datasets together into a master directory.  This came with its own problems however, with the first being the dynamic creation of a directory that mirrored the subsets and classes of all datasets that were to be merged.  To do this, a number of functions were created with arguably the most useful found in 14.1.1.  It scanned a target directory for all sub-folders within, storing the names of all subsets and their classes at it went.  If there were no mis-matches, then these labels would be used to generate a master directory that would house the merged dataset (this can also be seen in 14.1.2).
Functionality was incorporated that allows the user to add new datasets to the project directory and re-run the application without trying to load previously accessed data from known datasets.  This works due to a log file storing the paths of all processed datasets, meaning that if a new dataset was added to the project, the application would again detect all datasets and store their paths.  It would then check this path list against the log of pre-processed paths, with any mis-matches resulting in the merging of that dataset.
5.2.3. [bookmark: _Toc87479032]Deleting Duplicate Images
During the early training stages, it was noticed that the model tended to overfit to the training dataset, whilst still performing at a lower than expected rate (usually producing an F1 score of less than 50%).  Upon inspection of the dataset, multiple duplicate images were found but contained different names.  This will massively reduce the validity of the model as bias is influenced in favour of the duplicates, thereby inhibiting generalisation to images that the model has never been exposed to either in the testing phase, or once it has been deployed [36].
	To combat this, a python script was created that would check each image against all others within the same directory.  Specifically, the script would open two images, with the first being the primary subject and then second being the test image.  The RGB components of each image would then be calculated and stored with python Lists.  A simple comparative operation would then be performed on each list, with a return value of ‘true’ indicating that the second image was indeed a repeat of the first, and a return of ‘false’ indicating otherwise, with any return values of ‘true’ resulting in the copied image being deleted from the directory.  The key elements of this script have been provided in Code Sample 3.
5.3. [bookmark: _Toc87479033]Image Data Generators (IDG)
Keras provides options to cleanly work with image-based datasets and use them effectively to ease both the computational expenditure, and the programmatical difficulty for the developer.  One of the most common issues faced when using image-based datasets is that of memory.  As previously stated, some of these datasets can be huge in size, and in some cases exceeding the amount of RAM available on the system, and even if this value isn’t quite exceeded, it is not recommended to bottleneck the background tasks of the host by utilising the majority of available memory for image processing.  To combat this, Keras’ IDG has options that allow the storage to retain most of the data, and only send across small packages of images (known as batches) into the application for processing.  This alleviates unnecessary stress on the system and allows the application to focus purely on the current batch.
	Another benefit of using IDGs is the in-built ability to add data augmentation to the workflow, thereby increasing the volume of data available for training.  This, coupled with the aforementioned batch allowance, and the ability to use multi-core processing and the removal of verbose boilerplate code has made the adoption of IDGs quite popular.
5.4. [bookmark: _Toc87479034]Dataset Usage
When starting this project, one of the earliest tasks was to probe the internet for datasets that contained both images of fire and images without fire, to see if the required data even existed.  Obviously, due to the nature of this project, it did.  However, there were some caveats that needed to be addressed.  Before discussing dataset issues, it is worth noting the datasets found and address why they were, or were not, suitable.  This has been placed into Table 3 for readability purposes.

Dataset Consideration
	Name
	Size
	Used in Project
	URL

	Fire/Smoke Dataset
	481 MB
	Merged
	Web Location [37]

	FIRE Dataset
	391 MB
	Merged
	Web Location [38]

	Fire Detection Dataset
	478 MB
	Merged
	Web Location [39]

	Fire Detection Images 
	135 MB
	Merged
	Web Location [40]

	Fire/Smoke Dataset
	343 MB
	Merged
	Web Location [41]

	Flame Dataset
	1.55 GB
	Used standalone
	Web Location [42]

	Wildfire Detection Dataset
	28.5 MB
	Merged
	Web Location [43]

	Forest Fire Dataset
	274 MB
	Merged
	Web Location [44]

	Forest Fire Detection
	28.5 MB
	Merged
	Web Location [45]


[bookmark: _Ref86940820][bookmark: _Toc87114039][bookmark: _Toc87479110]Table 3 - Dataset Usage in the Project
It was decided early in the project to try to create a custom dataset from the eight with a ‘Merged’ mark in the ‘Used in Project’ column.  This was to boost the number of images that would be trained at runtime to give the model the best chance at learning.  However, this resulted in a model that could not easily detect images in later testing that were taken from the elevated position of a drone, and as a result were only used during small tests towards the tail end of the project.  The primary dataset became the Flame Dataset, as this contained images of fire actually taken from a drone and therefore aligned with the goal of this project.  The only downfall of this dataset is that all the images appear to have been taken on the same flight consecutively, and all in the same area with the same surrounding scenery, essentially filling the dataset with like-for-like photos.  This has the potential to harm the generalisability of the model produced.

5.5. [bookmark: _Toc87479035]Network Architectures
A large part of this project was determining a suitable neural network architecture that could reliably and efficiently carry out the required task.  The trial and error involved in this process saw many architectures being tested, with various hyperparameter changes taking place along the way.  To record all the changes made, and in an effort to not forget successful attempts, a system was put in place that captured all relevant data surrounding the properties and outputs of each model that was tested.  Once the training process was complete, various graphs, diagrams, logs, and of course, scores were generated.  The results of the model were passed into multiple functions, each responsible for recording a particular aspect of the data.  A directory was then created, the name of which reflects the date, time, and score of the attempt, which housed this information.  The notable information within each directory is a graph of both the accuracy and the loss, and an image of the architecture. 
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[bookmark: _Toc87114032][bookmark: _Toc87543128]Figure 7 - Recording System of Model Testing
The final architecture was defined after much research of common networks and also much more tweaking of hyperparameters and layers.  Figure 19 and Code Sample 6  shows the architecture used in this project as both an image generated by Tensorflow, and the actual code respectively.
5.6. [bookmark: _Ref87473512][bookmark: _Toc87479036]Virtualised Docker Environment
As previously stated, a Docker container shall be used as a test bench which will simulate the micro-environment of a drone, with the container being built from a custom-made Image.  The architecture of the Image has been outlined in Figure 8, whilst Code Sample 2 showcases the actual Dockerfile constructed for this project and can be used in conjunction with the following paragraphs, which detail the reasoning behind each instruction.
[image: Chart, diagram

Description automatically generated]
[bookmark: _Ref86252088][bookmark: _Toc87114033][bookmark: _Toc87543129]Figure 8 - Docker Image Layering Order
The above figure is to be read from the bottom up, with every subsequent layer adding to that which came before.  The base consists of a pre-built image, specifically Miniconda by Continuumio [46] which packages together a Debian-based Linux OS, the Miniconda tool which is a lighter version of the popular package manager Anaconda, and Python 3.  These three elements serve as the starting point of the Image with everything else being bolted onto it.  
The next two layers use the Label command and simply add the name and email address (one layer each) of the creator into the Image, therefore allowing for communications to be undertaken in the case of error.
	Next come the Storage layers, with the first being responsible for setting a storage volume on the host machine.  This allows a conduit to exist between the file structure of the host and the file structure of the container.  Considering that containers are designed to be ephemeral but can also perform critical work, it is useful to have the ability to store any data that the container generates externally.  In the case of this project, the container will generate a timing report calculated from functions running alongside the Neural Network predictions.  This timing report shall be storage outside of the boundaries of the container to ensure that it exists once the container has been shut down.  The second of the Storage layers assigns a working directory which essentially becomes the default workspace upon loading up the container.  This is a mere convenience layer as it is still possible to navigate through the container’s file system to the correct directory without it.
	The following layer, Copy, is responsible for porting desired data across from the Image creators’ machine into the Image.  This data will be permanently burnt into the foundations of the Image, ensuring that any machine that performs a pull on the Image will have access to this data.  In the case of this Image, the trained NN model file, the prediction python script, an environment file for initialising the containers’ Anaconda environment, and finally test images.
	The next stage requires an Anaconda environment to be built inside the Docker container upon instantiation, and in doing so, giving it full access to the wide range of universal Conda commands.  To do this, the Docker Run command is used, followed by the keywords needed to execute the instruction.  This Anaconda environment shall be built from a YAML file, thereby saving the complexity of the parent instruction.
	Everything executed thus far has been set up related to the file structure and running of the containers’ internal environment.  The forthcoming instructions are centred around the Docker compatible python packages needed to successfully work with both image data and neural networks within the bounds of the container.  To accomplish this, any Run commands executed now need to be using the bash of the newly created Anaconda environment.  This is done by using the Shell layer, which effectively switches the default bash from that of the base layer (in this case Debian), to Conda.
	Now that the configuration of the container has been implemented, the next stage involves downloading the python modules required to execute the script.  Due to the Shell layer changing the default bash, the instructions can be run via regular Conda commands.  The first Run layer of this batch simply outputs a message to the user informing them that the components are about to be installed.  The next four layers install Keras (2.6.0), Keras-Preprocessing (1.1.2), Pillow (latest), and OpenCV (latest) respectively.
	The final layer provides instructions on what will happen as the container launches, hence its name Entrypoint.  In this case, a python script shall be executed via the newly created virtual environment, with arguments expected by the user delivering image and NN model filenames.
5.7. [bookmark: _Toc87479037]GPU vs CPU Training
Modern graphics cards are able to train neural networks at incredible speeds, thereby decreasing the time spent training models and allowing more tests to be done over a shorter period of time.  This training can obviously be done on the CPU, but it done so with the speed limitations of an un-parallelised approach, usually taking far longer to complete its epoch cycles.  This project tried to take advantage of the GPU on the host machine, however due to version incompatibility issue it was not possible.
6. [bookmark: _Toc87479038]Results
6.1. [bookmark: _Toc87479039]Introduction
The intent of this section is to serve as a place to both record all practical results obtained from testing the developed application and to analyse the strengths and weaknesses of it.
6.2. [bookmark: _Toc87479040]Neural Network Results
This section will discuss the results obtained from the trained CNN and highlight what went well during the training, and what could have been performed better.
6.2.1. [bookmark: _Toc87479041]Loss & Accuracy
Firstly, two graphs have been presented in Figure 9 that highlight the loss and accuracy of the model that was used in the project.  Of 30 epochs, the conversion of the training and validation data occurs on epoch 15, and at this point the training loss begins to level out, whilst the validation loss continues to decline before plateauing later.  This indicates that the model is underfitting and is likely due to the level of Dropout applied in the architecture.  A statement presented by Keras [47] and furthered by Srivastava [48] discusses the notion of Dropout only being applied to the training data during runtime, and not the validation set.  The purpose is to clamp purely the overfitting issues of the training data whilst allowing the test access to the full, unfiltered capabilities of the network, and with slightly less Dropout, results would be expected to run more closely aligned.
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[bookmark: _Ref87371665][bookmark: _Toc87543130]Figure 9 - Accuracy & Loss Graphs
6.2.2. [bookmark: _Toc87479042]F1 Score - Precision & Recall
The results produced by the final architecture gave an accuracy rating of 97.4%, a very promising result on the surface but one that masks some issues when placed under scrutiny.  When subjected to testing data, a classification report (shown in Figure 10) indicates that the F1 score of class 0 (fire) is 75%, with the model’s ability to detect non-fire scenes resting at a sub-par 32%.  
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[bookmark: _Ref87298909][bookmark: _Toc87543131]Figure 10 - Classification Report of Final Model
Although these results indicate there is clear room for improvement, there are positives to be drawn from the recall score.  As previously outlined in section 3.5, the recall indicates the network’s aptitude for detecting true positives and is needed when there are serious consequences when output values are labelled as false when they should be true.  In the case of this system, it is extremely important that fire should be detected if it is present, and it is better to have some input images wrongly classified as fire than vice-versa.  A recall score of 92% highlights good coverage of this problem, however the precision score is lacking.  This is to be expected as the precision/recall metrics are often a trade-off, with one suffering when the other thrives.  The model has been trained to declare anything predicted as zero to be ‘non-fire’, whilst any predictions of one to be ‘fire’.  There is, nevertheless, a threshold value to ensure that the model aligns a degree of caution which only classes object to be ‘non-fire’ if it is at least 80% sure (the code for this is shown in Figure 16).  This number is an arbitrary, subjective value and can be changed to suit the needs of the area that it is operating in.  Figure 11 showcases the contingency table produced by the framework.
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[bookmark: _Ref87357053][bookmark: _Toc87543132]Figure 11 - Confusion Matrix
Initially, the model was trained using generic images of fire, with scenes of house, car, and bush fires being the most prominent types.  These images were all taken from ground level, either by firefighters or journalists, and therefore lacked the elevation needed for a trained model to accurately classify images from the sky.
	When trained on these images and instructed to classify images of fire taken from drones, both the accuracy, and F1 score took on a dramatic reduction and essentially rendered the model’s predictions as nothing more than a 50/50 guess.  Figure 21 and Figure 22 in section 14.2 showcase the difference in image structure when classifying photos taken from the ground, versus from the air, and Figure 12 below outlines the scores from training and testing on the different image types.
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[bookmark: _Ref87426513][bookmark: _Toc87543133]Figure 12 - Results of Training on Non-Drone Captured Images
The primary reason for this is the distance at which the images are taken, coupled with the difference in colour from what a digital camera can capture, against the capabilities of the drone.  These two points together create a representation of fire vastly different from the one seen in ground-captured images.  Figure 13 below highlights the massive range of loss when training over 30 epochs.
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[bookmark: _Ref87520672][bookmark: _Toc87543134]Figure 13 - Training on Images of Ground Fire & Testing on Drone Footage
Finally, a ROC graph has been constructed and shown below.  This details the relationship between the true positives and the false positives.  The area created is not as large as perhaps it should be, which shows that more exhaustive training needs to be done.
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[bookmark: _Toc87543135]Figure 14 - ROC Chart

6.3. [bookmark: _Toc87479043]Virtualised Hardware Results
6.3.1. [bookmark: _Toc87479044]Speed Analysis
The primary goal of the virtualised element of the project was to determine the speed at which the network could classify an input image from within the enclosed environment.  As stated in section 5.6, this was accomplished by constructing a Docker container which would serve as a testing platform as it could mirror the environment found on a drone.  The way it was tested was to load a new dataset (different from the training set) into the container, with this directory acting as a mass collection of images that could be belt fed into the prediction function in similar manner as if a camera were feeding it frame by frame.  This simulation used a for loop to replace the constant image deliverance that a camera would have provided.  The input image was then resized by OpenCV and then passed to the model for prediction, with this stage being encapsulated inside a timing module so as to record the time in seconds of how long the process took.  Once this was done, the container would then write the results into a CSV file located on the host machine for analyse later.  Figure 15 below indicates the time took for the model to predict approximately 6000 images from within the container. 


[bookmark: _Ref87460279][bookmark: _Toc87543136]Figure 15 - Speed Test of Image Classification from within Docker Container
The results show that the initial image classification takes roughly a second to complete, but the next image calculation drops considerably down to roughly 0.1 seconds.  This is due to the metadata surrounding the operations being stored in the containers cache and is therefore far faster to access on subsequent iterations.
	The average time taken for the prediction of each image takes approximately 100ms to complete, with the higher end of timings peaking at just under 300ms (aside from the initial classification).  When converted into frames per second (FPS), an outcome of 10 per second is achieved.  Whilst this rate of FPS does not fare so well when compared to cutting edge CNNs such as YOLO or Faster R-CNN with outputs of 60fps or more, it does perform well to a degree necessary to the task at hand.  If the object of the application were obstacle avoidance for the drone, then the higher fps would be absolutely necessary as the device could be potentially travelling at high speed and need world information processed very quickly.  However, for this task, that speed is simply not needed, and could even be considered a negative if the power draw of those faster networks is taken into account.  If the camera attached to a drone has a maximum recording speed of 30fps, and the target of longest possible battery life whilst still providing good coverage of fire detection was in effect, then it does not seem feasible to allow the model to process every single image (3 per second).  A more energy conservative approach would be to process a single frame once every few seconds, as the rate at which a fire would spread is likely to be in the seconds range, rather than the milliseconds range.
	There is a caveat to this notion however, and that is the speed at which the drone is travelling.  In a situation where a drone is flying at maximum speed (with some commercial models able to reach 51mph (23m/s)), then the full 10fps capability of this model would allow for 20 images to be processed for every second of flight time at maximum speed, which when considering that drone will be flying at height, will still provide good coverage of the ground below.
6.3.2. [bookmark: _Toc87479045]Hardware Usage
	An improvement that could be made to the system is the optimisation of performance from a hardware perspective.  Figure 16 shows the usage of the underlying hardware (running a 2 core, 2.0GHz Intel CPU) when idle for 10 minutes, versus 1 minute after the container was loaded.  The utilisation underload continued in the fashion shown below for the entirety of the containers’ lifetime.
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[bookmark: _Ref87464938][bookmark: _Toc87543137]Figure 16 - Hardware Utilisation
6.4. [bookmark: _Toc87479046]Conclusion
From the results drawn and analysed, it is apparent that the model produced by this project is capable for use as a secondary detection system purely based on the F1 score achieved.  It tends to favour the classification of images towards the ‘fire’ end of the scale, which is considered a major positive as it is better to wrongly detect a safe image as containing fire than classifying fire as safe.  More work could be done on the architecture to attain a higher level of accuracy, and access to more sophisticated hardware such as high performance GPUs could allow for longer training times and epoch counts.
	The Docker container proved to be a good environment from which to test the model.  It’s underlying hardware closely reflects what is currently available in commercial drones, and the level of customisation that Docker provides when designing the Image allowed for all the necessary packages and components to be used.  The speed at which the container could classify images is not excessively fast when compared to modern image classifiers, but it nevertheless achieved a speed that would work well in the scenario in which it would expect to be placed.



7. [bookmark: _Toc87479047]Reflection & Evaluation
7.1. [bookmark: _Toc87479048]Introduction
The objective of the following section is to iteratively step through each of the main components of this report and document any evaluatory remarks as to how it was undertaken and how it could have been improved.  In addition to this, consideration shall be placed upon the project aim, and if it has been adequately achieved.
7.2. [bookmark: _Toc87479049]Meeting the Aim
The key points of the aim were explicitly to explore, develop, and evaluate a manner in which wildfires could be monitored from UAVs.  The exploration of this topic has been detailed in the literature review, the development documentation has been provided in the design, implementation, and results section, whilst the evaluation is currently underway.  It can therefore be concluded that the aim of this project has successfully been met.
7.3. [bookmark: _Toc87479050]Literature Review
On reflection, the literature review was considered to have provided a solid foundation and introduction to the topics pertaining to this report.  Content was ensured to be as up-to-date as possible, taking care to detail the use cases and modern applications of the technologies mentioned.  Difficulties arose in trying to acquire information regarding the use of Docker containers as emulated hardware platforms.  This could be due either to it not being a reasonable way to test such a method (although this project seems to have done so without any real issues that could not be overcome) or because Docker is still a relatively new technology, and many people are still using virtual machines for the task.
	A good number of sources were used in the literature review, backing up claims made, and most of these were from modern literature due to the two primary technologies implemented being modern themselves.
	More research could have been placed into the DroneSAR section as they are an organisation that have recently achieved a very similar outcome to that of this project.  Contacting them via their social media accounts could have led into first-hand knowledge of their systems and then incorporated into this project.
	Nevertheless, it is believed that the literature review served its purpose, and adequately arms a prospective reader with the background knowledge they would need to progress further into the report whilst maintaining their level of understanding.
7.4. [bookmark: _Toc87479051]Methodologies
Careful consideration has been given towards the selection of methodologies and the way in which the project was structured and run.  Much of what was planned was indeed carried out in the way it was forethought, the positivist philosophy held true throughout the duration, and the flow of events was of a deductive nature.  
	In light of the continued worldwide pandemic, COVID-19, project planning, risks, and equipment access were all developed with a sense of remoteness in mind, and this extended to the varying methodologies that served as a chassis for the project.
7.5. [bookmark: _Toc87479052]Design & Architecture
7.5.1. [bookmark: _Toc87479053]Project Requirements
The requirements posed for this project were ideated under the Agile umbrella, and this naturally led to User Stories being the chosen method of requirement engineering.  Through new knowledge in this area gained throughout the year coming from both an academic and industrial source, it is felt that the breakdown of Epics through to Stories and eventually into Tasks was a solid approach and delivered a concise list of instructions with priority ratings to further aid in planning developmental work.
7.5.2. [bookmark: _Toc87479054]Design
Although many of the design features were incorporated well into the project, it has become apparent that more could have been done during the design stage that would have allowed for an easier development period.  Such things include more research into the compatible python modules required for machine learning (with Keras & Tensorflow being the main culprits).  This combined with the fact that these modules also needed to have Docker-compatible Images in order to run inside a container made the act of trying to create a stable platform quite difficult.  Adding to this, practical experience with Docker Swarm could have been beneficial as it would have allowed hundreds or thousands of containers to be run instantly and their outputs monitored automatically.  Instead, this was done manually, causing a great deal of time to be used.
7.6. [bookmark: _Toc87479055]Implementation & Application
Much of the implementation section was devoted to the documentation of data pre-processing due to the importance of it, and the vast amount of it that was done during the course of the project.  Each of the key aspects of the pre-processing phase were detailed and was done so with explanations of why it was done, alongside how it was done.  This in itself provided new knowledge as popular pre-processing techniques were learnt and implemented.  During this section, more could have been written on popular pre-processing techniques that were not needed, and the reasons for it.
	The parts covering the network architecture and containerisation discuss the relevant points needed, and outline much of the backend layout.  This was a little verbose at times, but it was felt that it was information pertinent to the understanding of the following results sections.
7.7. [bookmark: _Toc87479056]Results
The results section of the report consisted of delivering the outcome of a series of tests designed to conclude the truth of the aim stipulated at the beginning of the report.  It presented data related to the CNN, and discussed the various advantages and disadvantages of it, along with ways in which it could have been made better if re-attempted.  The same was done for the containerisation portion of the testing, with a speed analysis taking place to determine if the model inside the container was feasible.  More could have been done in the analysis of the network, with cross-validation having not been undertaken, and a Docker Swarm could have allowed the testing of many containers housing the model at the same time, thus increasing the reliability of the results.
7.8. [bookmark: _Toc87479057]Conclusion
A sound reflection of each of the main component sections of the report has been completed and points have been outlined that explain what has been well documented, and what could have been improved.
[bookmark: _Toc87479058]

8. Project Conclusion
The aim of this project was to construct a method of detecting forest fires autonomously from an unmanned aerial vehicle.  This report held the responsibility of detailing the performance of key deliverables that the project indicated that it would complete, namely, the creation of a convolutional neural network that is capable of detecting wildfires from elevated positions to a reasonable degree of accuracy and performing tests of this network from within the confides of a specially designed Docker container, created to mirror the environment found within commercially available drones.  The results of this undertaking are mainly positive, with the virtualised drone successfully executing a script which contained a trained CNN, in a timely fashion whilst making predictions to a high degree of accuracy.

[bookmark: _Toc87479059]

9. Future Work
The relatively niche nature of the work involved in this project has left plenty of space on the table for future work to take place.  From the CNN side, image segmentation and masking could be implemented in order to not only classify an image, but actively search for the location of the fire within the image.  This could be coupled with depth estimation to determine a GPS coordinate based on the initial location of the drone.  Appendix A3 - Image Segmentation contains research into image segmentation and provides details of how it could be implemented.  Another area of research could be that of using motion vectors to predict the direction of the moving wildfire, an addition that would greatly enhance the capabilities of the application.
	The Neural Network is also not strictly bound to the detection of fire.  It could be trained to search for humans, making it a two-in-one service whilst searching for wildfire.  Areas that are prone to wildfire tend to be isolated, and any individuals lost could be found if they are within the drone’s search pattern.  Another addition on the NN side would be the increased speed at which the network operates coupled with higher resolution images.
[bookmark: _Toc87479060]
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11.1.3. [bookmark: _Toc87479065][bookmark: _Ref87518131]Appendix A3 - Image Segmentation
Yang et. al [49] state that the best segmentation results come from training algorithms (ML algorithms) instead of older approaches such as mean-shift.
11.1.3.1. [bookmark: _Toc87479066]Object Recognition
Object recognition is an operation that is actually comprised of three separate sub-tasks which are image classification, object localisation, and finally object detection.  For object recognition to technically be in effect, all three of these procedures must first take place, and do so in the order prescribed above.  Image classification will first determine whether the object that the network is trained to identify is within the image presented.  If it is, then the next stage of the process can be undertaken.  If the image does not contain the sought object, no further action is needed as it would be a waste of computation.  The input required to achieve basic image classification would be an image that contains an article that the network has been trained to recognise, and the output would be a label classification that outlines what the network considers the object to be.
	Should the image classification process return the desired result, the object localisation stage can begin.  This involves detecting the actual region of the image that contains the desired article, as opposed to simply confirming or denying its existence, and emplacing a bounding box around it to mark its position.  The computation of four separate values needs to be done in order to display the bounding box in relation to the target.  The first two values are a position (x, y) that convey the central location of the item, while the second two values measure its width and height.  Using these values in combination gives everything needed to accurately encompass the target object inside a customised bounding area.  To successfully localise an item, the image that is input into the system must have at least one object in the scene that is a positive classification of the desired label, whilst the output would be a bounding box highlighting the objects position.
	The last action that contributes to object recognition is the detection of all instances of a target, and by combining the information gained from the previous processes, allows for multiple objects of the same class can be found and localised, thereby achieving true object recognition.  Whilst this process sounds similar to the previous step, the key difference is that a single image that contains multiple objects belonging to different classes can be processed, resulting in not only many objects of different types being localised, but also a prediction of their labels.
11.1.3.2. [bookmark: _Toc87479067]Semantic Segmentation
Semantic Segmentation takes the process of object recognition and furthers it by calculating a label for every pixel within the image, and once this ability has been achieved, the level of problem complexity that can be tackled vastly increases.  In the case of an image captured by an autonomous vehicle that is passed to an algorithm for scene processing, it is imperative that every pixel within the image is accounted for and labelled, as the severity of missing a part of the image could result in loss of life [50].
	Traditionally, Convolutional Neural Networks are the favoured architecture when dealing with image-based data due to both their ability to condense the volume of parameters needed to a size that is feasible to work with, and general high level of accuracy attained.  However, Ren & Liu [50] state that the convolutional and pooling layers used in a CNN degrade image quality and can even eradicate particular features from the data.  With the feature maps produced during the CNN pipeline usually reducing in size as the process goes on, the ability to accurately outline objects rapidly diminishes.
	The output of a semantically segmented image returns an overlay highlighting all occurrences of a classification depicted by a single visual instance.   
11.1.3.3. [bookmark: _Toc87479068]Instance Segmentation
Instance Segmentation advances Semantic Segmentation by categorising each detected object as an object in its own right, even if multiple objects of the same class are detected within the image.  For example, in semantic segmentation, all objects within a scene that return the label ‘Car’ are collectively label Car, and if a coloured overlay were to be applied to all the cars, they would all be the same colour.  However, in Instance Segmentation, each returned Car would be a unique instance under the umbrella label of Car, and as such, each car instance would be given its own unique overlay colour.  It essentially performs an additional pixel classification, ensuring that not only does every pixel belong to a class, but also instance of an object is classified as a separate entity [49], [51], [52], [53].
11.1.3.4. [bookmark: _Toc87479069]Segmentation Techniques
11.1.3.4.1. Thresholding
In the multitude of ways in which an image can be segmented, thresholding is by far the simplest method [54].  In its most primitive of forms, thresholding will take a greyscale image and shift the values of each pixel to the extremes of the greyscale intensity boundary (i.e., 0 or 255) to produce a binary image, with clear lines of definition separating features of similar colour.  The degree to which this process works is defined by a threshold value created by an external source and can be changed to discover an optimal threshold limit respective of the desired outcome [55].  

[bookmark: _Ref74479910][bookmark: _Toc87114049][bookmark: _Ref87479501]Equation 4 - Greyscale Threshold Equation
Equation 4 demonstrates the determination of black or white colour assignment, whereby p denotes the final colour of the pixel, d is the current pixel, and T is the threshold value.  Whilst simple thresholding works well for completely isolating areas of an image where there is stark contrast, it becomes cumbersome if colour intensities are different, but close enough to not trigger the threshold value [56], [57].  The next section shall discuss a different solution that bypasses this problem.
11.1.3.4.2. Edge-Based
The limitations of thresholding were overcome through the use of edge detection algorithms that could trace objects within an image with a far higher level of accuracy.  Algorithms such as Sobel [58], [59] and Canny [60], [61] work by convolving a pre-defined kernel over blocks of pixels, performing calculations that determine vertical or horizontal edges as it goes.
11.1.3.4.3. Region-Based CNN (R-CNN)
The Region-Based CNN was developed by Girshik et. al. [62] as a way of combating the rather static nature of the Sliding Window technique when trying to locate and localise objects within an image.  Upon receiving an input, the algorithm will firstly initiate a selective search with the intention of subdividing the image into 2000 sections based on shape, colour, texture, or intensity.  Each of these sections is passed into the Convolutional Neural Network for analysis and the results of the network are passed back in for the next cycle.
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[bookmark: _Toc87114036][bookmark: _Toc87543140]Figure 19 - Image Subdivision and Corresponding Bounding Sections [63]
The selective search will progress through cycles, with each iteration morphing patterns together to form the basic structure of the objects in the scene.  As the cycles progress, the shapes produced present areas of greater interest for the neural network and result in regions that are not fixed in size as they would be if the sliding windows method were in operation. 
11.1.3.5. Fast R-CNN
Although the standard R-CNN approach performed well in comparison to antecedent methods of object recognition, it lacked the ability to perform swiftly enough to handle the high volume of data needed for real-time evaluation.  To rectify this, Girshik [64] developed what he labelled as ‘Fast R-CNN’, essentially building off its predecessor with changes aimed at enhancing both the training and testing time of the algorithm.  Specifically, Girshik outlined three key areas of weakness in R-CNN, and these have been labelled below:
i. Multi-stage training process – Input entry, object detection, and classification are three distinct affairs.
ii. Unnecessary time and space expense – Features are written to storage for each proposal in every image.  This generates a massive quantity of data.
iii. Overall lengthy processing time – At tests time, each image is processed in approximately 47 seconds (VGG16). 
To improve the speed and accuracy of R-CNN, Fast R-CNN condenses the image and region proposals into a CNN in a single propagation cycle.  A SoftMax layer is also used in place of an SVM which greatly increased the model’s accuracy whilst lowering the training time.
11.1.3.6. Faster R-CNN
Faster R-CNN [65] built upon the foundations of its predecessor Fast R-CNN and was developed by Ren et. al., when it was realised that the major bottleneck of the algorithm was the selective search process.  This was to be replaced with a Region Proposal Network (RPN), which takes a feature map from the last convolutional layer and generates anchors for each point they possess.  Next, anchor boxes are created for each anchor point, and these are passed into convolutional layers to classify whether it belongs to the background or foreground of the image.  At this point, the shape of the object within the feature map has been found, and is passed out of the RPN, and into two fully connected layers, one of which determines the class of the object, whilst the other computes the bounding box.
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13. [bookmark: _Toc87479071]Appendix B – Methodology Material
13.1. [bookmark: _Toc87479072]Appendix B1 – Gantt Chart
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14.1.1. [bookmark: _Ref84063888][bookmark: _Toc87479074][bookmark: _Ref87515298]Appendix C1 – User Story Tasks
	ID
	Parent ID
	Tasks

	US01
	E01
	- User must be able to enter the name of an image file into the command line.
- File will be accepted if it is one of the popular image formats (JPG, TIFF, BMP, etc.).

	US02
	E01
	- If a directory is provided, check that it only contains image files.
- A new directory with the required file structure will be created and contents moved into it.

	US03
	E01
	- If a directory is provided, check that the file structure matches that of the Tensorflow ImageDataGenerator specification.

	US04
	E02
	- A new dataset must be trained in isolation (i.e., not re-training prior datasets) with the current model.

	US05
	E02
	- A list of pre-trained models should be presented to the user.
- Selection should be made, and from that point on, all metrics and training are done using the chosen model.

	US06
	E03
	- Each major action should be accompanied by either visual or numeric metrics.
- Metrics should be stored in a custom directory (setup specifically for the current model).

	US07
	E03
	- As soon as the image has been output from the model, OpenCV should render that image to screen with a mesh overlay highlighting the area of concern.

	US08
	E03
	- In the case of batch outputs, each output image should be given a name.
- Output images should be saved in an appropriate location (i.e., the current model’s output folder).

	US09
	E04
	- Overlayed on top of the image, should be a directional arrow indicating the direction of fire travel.
- Appended to the filename should be a direction of travel (i.e., North, East, South, or West).

	US10
	E05
	- The user must be able to select which model to pass into the emulated drone from a list of available ones.
- The drone environment must be provided with all libraries required to run.

	US11
	E05
	- The docker container must save a copy of all metrics in persistent storage external to the container.
- Metrics should be visually graphed for easier readability.
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14.1.3. [bookmark: _Toc87479076]Appendix C3 – Deleting Duplicate Images
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15.1.3. [bookmark: _Toc87479080]Appendix D3 – Model Architecture as Image
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15.1.4. [bookmark: _Toc87479081]Appendix D4 – Model Architecture as Code
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15.2.1. [bookmark: _Toc87479083]Appendix D1 – Threshold Code
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15.2.2. [bookmark: _Toc87479084]Appendix D2 – Non-elevated Fire Images
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[bookmark: _Ref87424752][bookmark: _Toc87543144]Figure 23 - Images Taken from the Ground
15.3. [bookmark: _Toc87479085]Appendix D3 – Elevated Fire Images
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[bookmark: _Ref87424791][bookmark: _Toc87543145]Figure 24 - Images Taken from a Drone
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FROM   ubuntu : latest   LABEL   name= " Jonathan Davies"   LABEL   email= " jonathan.davies@uwtsd.ac.uk"   WORKDIR   /data   RUN   [ "apt - get" ,   "install" ,   "python=3.6" ]   RUN   pip3   install   anaconda   COPY   .   .   ENTRYPOINT   [   "python" ,   "password_generator_cli.py"   ]    
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FROM ubuntu:latest

LABEL name="Jonathan Davies"

LABEL email="jonathan.davies@uwtsd.ac.uk"

WORKDIR /data

RUN ["apt-get", "install", "python=3.6"]

RUN pip3 install anaconda

COPY . .

ENTRYPOINT [ "python", "password_generator_cli.py" ]
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FROM   ubuntu : latest   LABEL   name=" Jonathan Davies"   LABEL   email=" jonathan.davies@uwtsd.ac.uk"   WORKDIR   /data   RUN   [ "apt - get" ,   "install" ,   "python=3.6" ]   RUN   pip3 install   anaconda   COPY   . .   ENTRYPOINT   [   "python" ,   "password_generator_cli.py"   ]    
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# Base layer (miniconda comes packed with a Debian - based Linux, py3 and conda)   FROM   continuumio/miniconda3     # Label creator details   LABEL   name = "Jonathan S. Davies"   LABEL   email= "jonathan.davies1605@gmail.com"     # Create a volume on the local machine   VOLUME   [   "/nn - data"   ]     # Set the working director to the following   WORKDIR   /nn - data/Drone     # Create the environment:   COPY   .   .     # Create an Anaconda environment from the provided YAML file   RUN   conda   env   create   - f   environment.yml     # Make RUN commands use the new environment:   SHELL   [ "conda" ,   "run" ,   " - n" ,   "tf - py" ,   "/bin/bash" ,   " - c" ]     # Demonstrate the environment is activated:   RUN   echo   "Install ML - related packages:"   RUN   conda   install   - c   anaconda   keras=2.6.0   - y   RUN   conda   install   - c   anaconda   keras - preprocessing=1.1.2   - y   RUN   conda   install   - c   anaconda   pillow   - y   RUN   pip   install   opencv - contrib - python - headless     # The code to run when container is started:   ENTRYPOINT   [ "conda" ,   "run" ,   " -- no - capture - output" ,   " - n" ,   "tf - py" ,   "python" ]    
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# Base layer (miniconda comes packed with a Debian-based Linux, py3 and conda)

FROM continuumio/miniconda3



# Label creator details

LABEL name="Jonathan S. Davies"

LABEL email="jonathan.davies1605@gmail.com"



# Create a volume on the local machine

VOLUME [ "/nn-data" ]



# Set the working director to the following

WORKDIR /nn-data/Drone



# Create the environment:

COPY . .



# Create an Anaconda environment from the provided YAML file

RUN conda env create -f environment.yml



# Make RUN commands use the new environment:

SHELL ["conda", "run", "-n", "tf-py", "/bin/bash", "-c"]



# Demonstrate the environment is activated:

RUN echo "Install ML-related packages:"

RUN conda install -c anaconda keras=2.6.0 -y

RUN conda install -c anaconda keras-preprocessing=1.1.2 -y

RUN conda install -c anaconda pillow -y

RUN pip install opencv-contrib-python-headless



# The code to run when container is started:

ENTRYPOINT ["conda", "run", "--no-capture-output", "-n", "tf-py", "python"]
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RUN



 



pip



 



install



 



opencv



-



contrib



-



python



-



headless



 



 



# The code to run when container is started:



 



ENTRYPOINT



 



[



"conda"



,



 



"run"



,



 



"



--



no



-



capture



-



output"



,



 



"



-



n"



,



 



"tf



-



py"



,



 



"python"



]



 



 






# Base layer (miniconda comes packed with a Debian - based Linux, py3 and conda)   FROM   continuumio/miniconda3     # Label creator details   LABEL   name = "Jonathan S. Davies"   LABEL   email= "jonathan.davies1605@gmail.com"     # Create a volume on the local machine   VOLUME   [   "/nn - data"   ]     # Set the working director to the following   WORKDIR   /nn - data/Drone     # Create the environment:   COPY   .   .     # Create an Anaconda environment from the provided YAML file   RUN   conda   env   create   - f   environment.yml     # Make RUN commands use the new environment:   SHELL   [ "conda" ,   "run" ,   " - n" ,   "tf - py" ,   "/bin/bash" ,   " - c" ]     # Demonstrate the environment is activated:   RUN   echo   "Install ML - related packages:"   RUN   conda   install   - c   anaconda   keras=2.6.0   - y   RUN   conda   install   - c   anaconda   keras - preprocessing=1.1.2   - y   RUN   conda   install   - c   anaconda   pillow   - y   RUN   pip   install   opencv - contrib - python - headless     # The code to run when container is started:   ENTRYPOINT   [ "conda" ,   "run" ,   " -- no - capture - output" ,   " - n" ,   "tf - py" ,   "python" ]    



image23.emf
f or   image  in   directory :        for   other_image   in   directory :            if   pixel_comparison ( image ,  other_image )   ==  True :                 os . remove ( other_image )            else :  pass    

def 

pixel_comparison ( image_path_one ,  image_path_two ) :        image_one   =  Image . open ( image_path_one )        image_two   =  Image . open ( image_path_two )           pixel_list_one  =  list ( image_one . getdata () )        pixel_list_two  =  list ( image_two . getdata () )          return   True   if   pixel_list_one  ==  pixel_list_two  else   False  
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for image in directory:

    for other_image in directory:

        if pixel_comparison(image, other_image) == True: 

            os.remove(other_image)

        else: pass



def pixel_comparison(image_path_one, image_path_two):

    image_one = Image.open(image_path_one)

    image_two = Image.open(image_path_two)



    pixel_list_one = list(image_one.getdata())

    pixel_list_two = list(image_two.getdata())



    return True if pixel_list_one == pixel_list_two else False



f



or



 



image 



in 



directory



:



 



    



for 



other_image



 



in 



directory



:



 



        



if 



pixel_comparison



(



image



, 



other_image



)



 



== 



True



: 



 



            



os



.



remove



(



other_image



)



 



        



else



: 



pass



 



 



def



 



pixel_comparison



(



image_path_one



, 



image_path_two



)



:



 



    



image_one 



= 



Image



.



open



(



image_path_one



)



 



    



image_two 



= 



Image



.



open



(



image_path_two



)



 



 



    



pixel_list_one 



= 



list



(



image_one



.



getdata



()



)



 



    



pixel_list_two 



= 



list



(



image_two



.



getdata



()



)



 



 



    



return True if 



pixel_list_one 



== 



pixel_list_two 



else False



 






f or   image  in  directory :        for  other_image   in  directory :            if  pixel_comparison ( image ,  other_image )   ==  True :                 os . remove ( other_image )            else :  pass     def   pixel_comparison ( image_path_one ,  image_path_two ) :        image_one  =  Image . open ( image_path_one )        image_two  =  Image . open ( image_path_two )          pixel_list_one  =  list ( image_one . getdata () )        pixel_list_two  =  list ( image_two . getdata () )          return True if  pixel_list_one  ==  pixel_list_two  else False  



image24.emf
#   This   will   essentially   ensure   that   all   datasets   are   adhereing   too   an   equal   file     S tructure .    It will raise an exception if there are any mismatches.       for   dataset   in   dataset_paths :        if   get_subdirectories_within( dataset )   !=   measurement_directories :           raise   ValueError ( 'Dataset   subdirectory   in   "'   +   dataset   +   '"   do   not   match.' )        else :           for   directory   in   measurement_directories :              if   get_subdirectories_within( dataset   +   ' \ \ '   +   directory )   ==   classes :                 pass              else :                  raise   ValueError ( 'Class   directories   "'   +   dataset   +   '"   do   not   match.' )  
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# This will essentially ensure that all datasets are adhereing too an equal file 

Structure.  It will raise an exception if there are any mismatches. 



for dataset in dataset_paths:

    if get_subdirectories_within(dataset) != measurement_directories:

       raise ValueError('Dataset subdirectory in "' + dataset + '" do not match.')

    else:

       for directory in measurement_directories:

          if get_subdirectories_within(dataset + '\\' + directory) == classes:

             pass

          else:

              raise ValueError('Class directories "' + dataset + '" do not match.')



#



 



This



 



will



 



essentially



 



ensure



 



that



 



all



 



datasets



 



are



 



adhereing



 



too



 



an



 



equal



 



file



 



 



S



tructure



.  It will raise an exception if there are any mismatches.



 



 



 



for



 



dataset



 



in



 



dataset_paths



:



 



    



if



 



get_subdirectories_within(



dataset



)



 



!=



 



measurement_directories



:



 



       



raise



 



ValueError



(



'Dataset



 



subdirectory



 



in



 



"'



 



+



 



dataset



 



+



 



'"



 



do



 



not



 



match.'



)



 



    



else



:



 



       



for



 



directory



 



in



 



measurement_directories



:



 



          



if



 



get_subdirectories_within(



dataset



 



+



 



'



\



\



'



 



+



 



directory



)



 



==



 



classes



:



 



             



pass



 



          



else



:



 



              



raise



 



ValueError



(



'Class



 



directories



 



"'



 



+



 



dataset



 



+



 



'"



 



do



 



not



 



match.'



)



 






#   This   will   essentially   ensure   that   all   datasets   are   adhereing   too   an   equal   file     S tructure .  It will raise an exception if there are any mismatches.       for   dataset   in   dataset_paths :        if   get_subdirectories_within( dataset )   !=   measurement_directories :           raise   ValueError ( 'Dataset   subdirectory   in   "'   +   dataset   +   '"   do   not   match.' )        else :           for   directory   in   measurement_directories :              if   get_subdirectories_within( dataset   +   ' \ \ '   +   directory )   ==   classes :                 pass              else :                  raise   ValueError ( 'Class   directories   "'   +   dataset   +   '"   do   not   match.' )  



image25.emf
def   setup_master_dataset_directory ( path ,   directory_name ,   measurements ,   classes ):          master_directory   =   create_directory ( path ,   directory_name )               for   index   in   measurements :   #   measurements   being   'test'   or   'train'            measurement_directory   =   create_directory ( master_directory ,   index )            for   label   in   classes :   #   classes   being   'fire'   or   'no - fire'                create_directory ( measurement_directory ,   label )          return   master_directory    
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def setup_master_dataset_directory(path, directory_name, measurements, classes):



    master_directory = create_directory(path, directory_name)

    

    for index in measurements: # measurements being 'test' or 'train'

        measurement_directory = create_directory(master_directory, index)

        for label in classes: # classes being 'fire' or 'no-fire'

            create_directory(measurement_directory, label)



    return master_directory





def



 



setup_master_dataset_directory



(



path



,



 



directory_name



,



 



measurements



,



 



classes



):



 



 



    



master_directory



 



=



 



create_directory



(



path



,



 



directory_name



)



 



    



 



    



for



 



index



 



in



 



measurements



:



 



#



 



measurements



 



being



 



'test'



 



or



 



'train'



 



        



measurement_directory



 



=



 



create_directory



(



master_directory



,



 



index



)



 



        



for



 



label



 



in



 



classes



:



 



#



 



classes



 



being



 



'fire'



 



or



 



'no



-



fire'



 



            



create_directory



(



measurement_directory



,



 



label



)



 



 



    



return



 



master_directory



 



 






def   setup_master_dataset_directory ( path ,   directory_name ,   measurements ,   classes ):          master_directory   =   create_directory ( path ,   directory_name )               for   index   in   measurements :   #   measurements   being   'test'   or   'train'            measurement_directory   =   create_directory ( master_directory ,   index )            for   label   in   classes :   #   classes   being   'fire'   or   'no - fire'                create_directory ( measurement_directory ,   label )          return   master_directory    
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image27.emf
model  =  Sequential ()     model . add

(

SeparableConv2D ( 16,  ( 3, 3 ) ,  activation = ' rel u ' ,     input_shape = ( 150,  150, 3 ) )

)

    model . add

(

MaxPooling2D ( ( 2, 2 ) )

)

  model . add

(

BatchNormalization ( axis = channel_dim )

)

  model . add

(

Dropout ( 0.2 )

)

    model . add

(

SeparableConv2D ( 32,  ( 3, 3 ) ,  activation = ' rel u ' , )

)

  model . add

(

MaxPooling2D ( ( 2, 2 ) )

)

  model . add

(

BatchNormalization ( axis = channel_dim )

)

  model . add

(

Dropout ( 0.2 )

)

    model . add

(

SeparableConv2D ( 32,  ( 3, 3 ) ,  activation = ' rel u ' )

)

  model . add

(

MaxPooling2D ( ( 2, 2 ) )

)

  model . add

(

BatchNormalization ( axis = channel_dim )

)

  model . add

(

Dropout ( 0.2 )

)

    model . add

(

SeparableConv2D ( 64,  ( 3, 3 ) ,  activation = ' rel u ' , )

)

  model . add

(

MaxPooling2D ( ( 2, 2 ) )

)

  model . add

(

BatchNormalization ( axis = channel_dim )

)

  model . add

(

Dropout ( 0.4 )

)

    model . add

(

SeparableConv2D ( 64,  ( 3, 3 ) ,  activation = ' rel u ' , )

)

  model . add

(

MaxPooling2D ( ( 2, 2 ) )

)

  model . add

(

BatchNormalization ( axis = channel_dim )

)

  model . add

(

Dropout ( 0.4 )

)

    model . add

(

SeparableConv2D ( 128,  ( 3, 3 ) ,  activation = ' rel u ' , )

)

  model . add

(

MaxPooling2D ( ( 2, 2 ) )

)

  model . add

(

BatchNormalization ( axis = channel_dim )

)

  model . add

(

Dropout ( 0.4 )

)

    model . add

(

Flatten () )   model . add

(

Dense ( 512,  activation = ' rel u ' )

)

  model . add

(

BatchNormalization ()

)

  model. add

(

Dropout ( 0.5 )

)

  model . add

(

Dense ( 1,  activation = 'sigmoid' )

)
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model = Sequential()



model.add(SeparableConv2D(16, (3, 3), activation='relu', 

input_shape=(150, 150, 3)))



model.add(MaxPooling2D((2, 2)))

model.add(BatchNormalization(axis=channel_dim))

model.add(Dropout(0.2))



model.add(SeparableConv2D(32, (3, 3), activation='relu',))

model.add(MaxPooling2D((2, 2)))

model.add(BatchNormalization(axis=channel_dim))

model.add(Dropout(0.2))



model.add(SeparableConv2D(32, (3, 3), activation='relu'))

model.add(MaxPooling2D((2, 2)))

model.add(BatchNormalization(axis=channel_dim))

model.add(Dropout(0.2))



model.add(SeparableConv2D(64, (3, 3), activation='relu',))

model.add(MaxPooling2D((2, 2)))

model.add(BatchNormalization(axis=channel_dim))

model.add(Dropout(0.4))



model.add(SeparableConv2D(64, (3, 3), activation='relu',))

model.add(MaxPooling2D((2, 2)))

model.add(BatchNormalization(axis=channel_dim))

model.add(Dropout(0.4))



model.add(SeparableConv2D(128, (3, 3), activation='relu',))

model.add(MaxPooling2D((2, 2)))

model.add(BatchNormalization(axis=channel_dim))

model.add(Dropout(0.4))



model.add(Flatten())

model.add(Dense(512, activation='relu'))

model.add(BatchNormalization())

model.add(Dropout(0.5))

model.add(Dense(1, activation='sigmoid'))



model 



= 



Sequential



()



 



 



model



.



add



(



SeparableConv2D



(



16, 



(



3, 3



)



, 



activation



=



'



relu



'



, 



 



input_shape



=



(



150, 150, 3



)



)



)



 



 



model



.



add



(



MaxPooling2D



(



(



2, 2



)



)



)



 



model



.



add



(



BatchNormalization



(



axis



=



channel_dim



)



)



 



model



.



add



(



Dropout



(



0.2



)



)



 



 



model



.



add



(



SeparableConv2D



(



32, 



(



3, 3



)



, 



activation



=



'



relu



'



,



)



)



 



model



.



add



(



MaxPooling2D



(



(



2, 2



)



)



)



 



model



.



add



(



BatchNormalization



(



axis



=



channel_dim



)



)



 



model



.



add



(



Dropout



(



0.2



)



)



 



 



model



.



add



(



SeparableConv2D



(



32, 



(



3, 3



)



, 



activation



=



'



relu



'



)



)



 



model



.



add



(



MaxPooling2D



(



(



2, 2



)



)



)



 



model



.



add



(



BatchNormalization



(



axis



=



channel_dim



)



)



 



model



.



add



(



Dropout



(



0.2



)



)



 



 



model



.



add



(



SeparableConv2D



(



64, 



(



3, 3



)



, 



activation



=



'



relu



'



,



)



)



 



model



.



add



(



MaxPooling2D



(



(



2, 2



)



)



)



 



model



.



add



(



BatchNormalization



(



axis



=



channel_dim



)



)



 



model



.



add



(



Dropout



(



0.4



)



)



 



 



model



.



add



(



SeparableConv2D



(



64, 



(



3, 3



)



, 



activation



=



'



relu



'



,



)



)



 



model



.



add



(



MaxPooling2D



(



(



2, 2



)



)



)



 



model



.



add



(



BatchNormalization



(



axis



=



channel_dim



)



)



 



model



.



add



(



Dropout



(



0.4



)



)



 



 



model



.



add



(



SeparableConv2D



(



128, 



(



3, 3



)



, 



activation



=



'



relu



'



,



)



)



 



model



.



add



(



MaxPooling2D



(



(



2, 2



)



)



)



 



model



.



add



(



BatchNormalization



(



axis



=



channel_dim



)



)



 



model



.



add



(



Dropout



(



0.4



)



)



 



 



model



.



add



(



Flatten



()



)



 



model



.



add



(



Dense



(



512, 



activation



=



'



relu



'



)



)



 



model



.



add



(



BatchNormalization



()



)



 



model.



add



(



Dropout



(



0.5



)



)



 



model



.



add



(



Dense



(



1, 



activation



=



'sigmoid'



)



)



 






model  =  Sequential ()     model . add ( SeparableConv2D ( 16,  ( 3, 3 ) ,  activation = ' relu ' ,    input_shape = ( 150, 150, 3 ) ) )     model . add ( MaxPooling2D ( ( 2, 2 ) ) )   model . add ( BatchNormalization ( axis = channel_dim ) )   model . add ( Dropout ( 0.2 ) )     model . add ( SeparableConv2D ( 32,  ( 3, 3 ) ,  activation = ' relu ' , ) )   model . add ( MaxPooling2D ( ( 2, 2 ) ) )   model . add ( BatchNormalization ( axis = channel_dim ) )   model . add ( Dropout ( 0.2 ) )     model . add ( SeparableConv2D ( 32,  ( 3, 3 ) ,  activation = ' relu ' ) )   model . add ( MaxPooling2D ( ( 2, 2 ) ) )   model . add ( BatchNormalization ( axis = channel_dim ) )   model . add ( Dropout ( 0.2 ) )     model . add ( SeparableConv2D ( 64,  ( 3, 3 ) ,  activation = ' relu ' , ) )   model . add ( MaxPooling2D ( ( 2, 2 ) ) )   model . add ( BatchNormalization ( axis = channel_dim ) )   model . add ( Dropout ( 0.4 ) )     model . add ( SeparableConv2D ( 64,  ( 3, 3 ) ,  activation = ' relu ' , ) )   model . add ( MaxPooling2D ( ( 2, 2 ) ) )   model . add ( BatchNormalization ( axis = channel_dim ) )   model . add ( Dropout ( 0.4 ) )     model . add ( SeparableConv2D ( 128,  ( 3, 3 ) ,  activation = ' relu ' , ) )   model . add ( MaxPooling2D ( ( 2, 2 ) ) )   model . add ( BatchNormalization ( axis = channel_dim ) )   model . add ( Dropout ( 0.4 ) )     model . add ( Flatten () )   model . add ( Dense ( 512,  activation = ' relu ' ) )   model . add ( BatchNormalization () )   model. add ( Dropout ( 0.5 ) )   model . add ( Dense ( 1,  activation = 'sigmoid' ) )  
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predictions   =  numpy . where ( predictions   >  0.8 ,  1 ,  0 )    
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predictions = numpy.where(predictions > 0.8, 1, 0)





predictions



 



= 



numpy



.



where



(



predictions



 



> 



0.8



, 



1



, 



0



)



 



 






predictions   =  numpy . where ( predictions   >  0.8 ,  1 ,  0 )    
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