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Abstract

This project is going to investigate the possibility of developing a low cost alternative to current high end sports vision systems. In order to do this, object detection and tracking techniques will need to be investigated for their suitability to perform on low specification hardware.

A key objective is to implement possible detection strategies, capable of working within a set test environment. To achieve this, a piece of benchmarking software was developed for the Android architecture, which was capable of gathering test samples for as many techniques as possible. These were then analysed as to gather an insight into how the methods are performing.

Using this software, a case study was undertaken to put three particular detection methods to the test within a real world environment. The methods selected included a colour based threshold, a straight basic Hough transform and a mixture of both techniques. Upon critically analysing the methods via the case study using a multitude of samples, it was determined that a mixture of thresholding and contour estimation was providing an accuracy of 64% and ran at around 12 frames per second (FPS); the best of the three.
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1.0	Introduction

This section will provide a holistic overview of the project and will aim to outline its structure, aims and justification. It will also provide background information on some of the key concepts and problems within the field.


1.1	Project Domain

In the past decade, the field of computer vision has seen substantial steps forward in terms of research and development. It now finds itself being a vital tool in many computer systems found in manufacturing, medicine, human computer interaction, security and sport.

As discussed by Wu et al [1], one of the most prominent and important tasks within many computer vision systems is the ability to detect, classify and track objects of interest. As such, there has been a significant amount of research proposing solutions to this problem. However, due to a wide range of challenging issues, such as illumination, variation of objects and occlusion, it is still extremely challenging to come up with solutions that are viable for a number of use cases.

Vision systems presented in professional sports are heavily involved with the problem of object tracking. Many of them have the ability to detect, track and interpret a range of complex objects such as players, equipment and field surroundings. An example of one of these systems is Hawk Eye which has been developed by Hawk Eye innovations [2]. This system is adapted and used in a variety of sports. One of the most successful uses of the Hawk Eye system has been in professional tennis. The system can effectively track the tennis ball and can provide a substantial range of statistics which could never have been analysed before. It also serves as a second umpire, giving players the chance to challenge human decisions and allowing the system to aid any calls.

According to Dyer [3], one of the major drawbacks to this type of system is the fact they are fixed and extremely expensive. Thus, this means that you are unlikely to see systems such as this within training facilities and clubs.






This project is going to investigate the possibility of developing a low cost alternative to current, high end sports vision systems. In order to do this, object detection and tracking techniques will need to be investigated for their suitability to perform on low specification hardware. However, before any of this can take place, a suitable sport must be selected for development. Specifically, snooker is going to be used within this project. This is largely due to the fact that there is already some vision research currently ongoing within the sport, making targeted secondary research easier. There is also a wide range of activity going on during a snooker match and multiple objects being used, each having their own distinct features making them ideal for detection and tracking.








































1.2	Background Information

In order to be able to investigate potential object detection and tracking techniques, establishing some core ground knowledge is of top priority. The following provides this key information and should support this image processing and computer vision project.


Introduction to Computer Vision

Computer vision and image processing are two fields which have regained momentum in terms of research in the last 10 years. This is mainly due to the fact that processing and camera hardware have progressed substantially in that time; especially within small compact devices such as Smartphones.

The ability for computers to perceive and gain complex information about its surroundings, are features which are only going to become more common place within the coming years[4]. It is already starting to be seen in many areas such as human-computer interaction, robotics, media and medicine. 

More of these systems can use vision techniques in new and potentially useful ways. However, stated by Vernon [5], computer vision is a field that is still incredibly difficult and despite substantial research, can be slightly fragmented at best.    

Increased research and a push for more students to study vision and image processing, is vitally important to keep the field progressing. This will ultimately allow us to take these new and emerging ideas and solve them in new and interesting ways which may never have been thought of before.

Interesting Problems

There are a range of problems a typical developer will face when working within computer vision and image processing. The following will discuss some of the most common and important ones that will most likely arise during this project. 

The first and most prominent within object tracking is occlusion. As stated by Shaikh et al [6], occlusion is when your specific object of interest (the part of the image you want), has become blocked, or covered by another object. For example, if you imagine your eyes to be the camera and look at a specific key on a keyboard, then you place your finger on that key. It becomes occluded and you therefore, cannot see it. There is also part occlusion where our object is partly covered by something else in the scene.

Another problem that typically comes up, especially when trying to use colour features is illumination, specifically changes in illumination. Again stated by Shaikh et al [6], sudden and frequent lighting changes can often occur during moving imagery. This often happens whether it’s an indoor or outdoor scene. Changes in and types of lighting can drastically effect colour within images. This make the use of the feature relatively complicated unless there are adaptive methods put in place to deal with the illumination, within that particular use case. 

A common problem within image processing is the effect of noise on images. Noise can be defined as slight variations in the pixel values which effectively make the image look unclear. There are many different types of noise which can be seen below.
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Figure 1: Types of Image Noise [7]. 

The most common types of noise are Gaussian and Salt & Pepper; with Gaussian noise typically being found in all digital images. Gaussian normal distribution is most commonly termed in probability statistics. In image processing, Gaussian noise is essentially a function which convolves and distributes the pixel values in a random fashion[7]–[12]. Salt & pepper noise, as seen in the preceding figure, is distributed high or low values that are speckled across the image. This type of noise typically comes up when working with binary images, specifically during a segmentation process[11]–[14]. De-noising images is a process which has come a long way and is now relatively easy. However, it is important to note that many techniques are specifically suited to a particular type of noise. Therefore, understanding which type of noise you are dealing with is vitally important when trying to eradicate it. 

According to Szeliski[15], despite a substantial amount of advancement within the field of computer vision, the reality is that full simulation of any kind of advance vision system is still some way off. The main reason for this is the fact that mathematical and physics based methods are used to interpret unknown information. We as humans, however, can underestimate how complex modeling and interpreting the visual world is because our brains are particularly in tune with processing the data. The image below by Adelson [16], can put this in perspective. 
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Figure 2: Checkered Box Optical Illusion [16].


In the left image, squares A and B are clearly different shades of grey. There is a shadow present but our brain is still able to process and determine the difference. However, they are in fact exactly the same as can be seen in the image on the right. This is an example of our brains getting the processing wrong. In fact, there are many other instances (whether intentionally or unintentionally) where this phenomena can happen. It is essentially due to the fact our brain is able to effectively interpret and make assumptions based on our surroundings. Although, it is necessary to be aware that these assumptions may not be correct in reality. This is one of the many yet interesting problems which have been discussed and as can be seen, makes trying to develop and mimic vision based systems extremely challenging.


Digital Images Signals 
In Computer Science

When humans look at images in general, their brains are able to interpret a range of features and objects. Using this information, they can build up a complex analysis of that particular image. Computers on the other hand, perceive things much more simply.

As stated by Kapur and Thakkar [10], computers store images as a simple matrix of numbers. The aim of computer vision is to be able to interpret these numbers and build up that analysis that we, as humans, can do so effectively. The representation of a digital image is shown in the following figure.
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Figure 3: Digital Image Representation (Binary) [10].


Here, there are only two values available; zero and one, where zero represents pure black and one represents pure white. This is known as a binary image which is a useful tool within image processing and computer vision. 

For simplicity, the values are represented as integer numbers. However, it is important to note that this is not the case as floating points are usually used. The key information to know is the fact that each value ranges from some minima and maxima, which is generally determined by the colour bit depth and/or developer requirements. 

Another important concept is how an image is represented mathematically. This is important as most vision methods and techniques, naturally use mathematical approaches within their solutions. 
As stated by Vese and Wittman [17], an image can be represented as a mathematical function and this function, like all others, can be plotted on a graph. This allows us to analyse the function and accurately predict any result produced from any input values. The function for an image can be seen below.




Figure 4: Simple Image Function.


Here the (x,y) are the input parameters which represent the location of the pixel of interest. The result of F(x,y), represents the value or intensity of that particular pixel. This form of the function is specifically a single 8bit channel image (Grayscale). For multiple channels, such as RGB, the notation changes to be a vector valued function, where the output of F(x,y) is a vector of functions representing each channel. The following figure shows this.



Figure 5: RGB Image Function.


The core information is that when this function is noted, we are usually performing some kind of image processing because we are working with or outputting, another image. Other phenomena such as noise can also be noted in the same way as an image. The body of the function on the other hand, can range from the relatively simple, to more advanced structures which take some time to decompose and understand.

Nevertheless, what is discussed here provides the basis of how developers work with image signals in computer vision and image processing. The following will take a closer look into colour. Specifically, how computers and developers can represent, define and manipulate colour to contribute to complex solutions. 









Colour Theory

Colour is one of the most prominent and in many cases, dominant features found within images. Under near perfect conditions and with an understanding of manipulating colour, it can also be one of the easiest features to compute with.

In order to be able to use colour effectively within image processing, the representation of colour and the idea of the different colour spaces available will need to be established. 

According to Farhat et al [18], most colour spaces can be operated within effectively. However, all have their own strengths and weaknesses; meaning it is up to the developer to select the colour space which best suits their requirements.

The RGB model is one of the most standardised colour spaces used throughout graphics systems and display hardware [19]. However, as the red, green and blue channels are heavily correlated, computing within this space can be relatively difficult.
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Figure 6: RGB Colour Space [20].


There are a range of colour spaces (or models) used within image processing, which have been adopted to eliminate the problems with using the RGB model. Many other models such as HSI and HSV allow developers to better manipulate and structure image data which ultimately, makes them easier to compute  [19]. The HSV (Hue, Saturation and Value) colour model, in particular, is widely used in object detection [21]–[26]. The reason for this is mainly because of the fact that in theory, the HSV model is robust to illumination issues because the intensity in encapsulated into one channel, the value (V).
[image: ]


Figure 7: HSV Colour Space [27].


Under segmentation testing undertaken by Farhat et al [18], the HSV and HSI colour spaces both outperform RGB in terms of the highest detection rate and lowest false positives. The HSV colour space performed the best overall but not by much.

It is important to note that these are not the only colour spaces that are available for use within image processing and computer vision. Other colour models such as HSB, YUV and CMY can also be easily adopted and implemented within image processing procedures[19].


















1.3	Aims and Objectives

The detection, classification and tracking of objects, are processes which are going to be focused on within this project. The overarching aim is to identify and evaluate a range of individual techniques and using previously developed methods, try and propose some solutions that are suitable for use in a low budget billiard tracking system.

Below are the objectives that have been set out for the project. It is important they are realistic and measurable.

1. Identify previously developed methods of billiards ball tracking. The reason for doing this is to dissect their solutions to identify the individual techniques used. It is important that all solutions and techniques are viable to run on low powered camera and processing hardware.

2. Identify a range of object detection and classification techniques using multiple features (colour, shape) found in digital images. These techniques will form the basis to most working solutions. This means a good understanding of them is necessary for the project.

3. Identify ways of improving detection, classification and tracking techniques. Some may be computationally expensive, meaning there should be a consideration towards performance tweaking techniques such as pre and post processing. 

4. Test any practical implementations to analyse their suitability within a low cost vision system. This will provide a more systematic evaluation of any working solutions which should support any qualitative analyses carried out.















1.4	Project 
Structure

This project will start by reviewing a range of previously developed solutions within object detection and tracking. The primary reason for doing this is to understand the individual processes used to solve a range of sub problems within the domain. For example, object detection can be accomplished using a range of techniques. However, techniques are chosen on the basis of their individual suitability to the project they are being used in. This means there are a number of viable solutions which all seem to have their own pros and cons.

It is also important to document any techniques used to improve performance. These techniques will be of vital importance as the project is looking to achieve the functionality of tracking systems using low performance hardware.

The project will then look to use this previously gathered information to potentially propose a working solution that can at least achieve the detection functionality. Any potential solutions will be critically tested for accuracy and performance using a developed piece of software which is able to switch solutions at run time and gather all the image data for later analysis.

This should provide a clear understanding of what it would take to create a low powered sports tracking system.























2.0	Literature Review

This section will accumulate secondary research within the field of object detection and tracking. It will start by identifying the core object detection techniques and will then link in individual billiard related methods. This section will also look at comparative studies between individual object detection techniques and should holistically support any proposed methods of detection during the project.


2.1	The Process of 
Tracking Objects

According to Patel and Mishra [28], object tracking is a task which contains a variety of techniques and can be split into two sub processes; detection and tracking. These two processes are relatively easy to distinguish. 

Object detection, is the process in which a specific object of interest is located or segmented from the rest of the image[29], [30]. This process is run using a static frame of data, meaning many object detection techniques can be highly robust and effective. However, many object tracking systems use detection alongside a suitable tracking technique. The reasons for this can range from increased performance and accuracy to more complex analysis of the image data.

Tracking is concerned with using detection data to interpret where an object of interest has been, and or is going to be[30], [31]. For example, with a given position (x,y) in one frame and a second position (x,y) in the next frame, the vector between these two points can be used to interpret the object’s direction. This is tracking in its crudest form and there are many more advanced techniques which can be utilised in many situations. 

Object detection and tracking are core processes which can be used effectively within a sport’s vision system. However, another task which should be discussed is classification (identification), which is the process of distinguishing a particular object from another. For example, a system may need to detect a particular player amongst a team of other players. 




























Figure 8: The Object Tracking Process with Examples of Specific TechniquesAdopted and modified [28], [32].


Classification is more of a characteristic of many object detection techniques, rather than a process in its self[28], [30]. Kurian and Murthy [32], identify it as a range of object identification techniques where some, such as appearance based models, are indeed  closely connected with object detection. However, some involve the use of complex deep learning techniques which in turn requires time to develop and train. Dependent on the systems specific requirements; it may be necessary to encapsulate the detection and classification process in order to get the results required for the project.


2.2	Feature Extraction In
	Digital Images

Extracting and analysing features within images is a common procedure within object detection, tracking and many other areas. There are, however, a number of characteristics which make some features better to use than others. Stated by Kapur and Thakkar [10], a feature is a unique key point which makes a shape easily identifiable and comparable within separate instance images.

[image: ]
Figure 9: Features with differing characteristics [10].


As shown in the preceding figure, feature A is the worst as it cannot be localised very easily. In other words, if feature A was to be redetected, it could potentially give us a true result for anywhere within the blue rectangle. This is because feature A is the same, regardless of where it is moved within those bounds. Feature B is slightly better, although, the same problem exists as the feature is the same for anywhere on the edge of the blue rectangle. Feature C is the best feature to use. This feature is completely unique and cannot be replicated anywhere else on the object, meaning if it was found again within a new image, there is a good chance that the object detected is the object the feature was originally extracted from.

In image processing, it is also common to have to extract edges within images [33]. Edges are also features, although they are less reliable, as edge points do not necessarily have to represent significant portions of an object. Technically, edges are simply points where the image values change in a linear formation. The figures below show these edge slopes.  
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Figure 10: Barcode (Input Image)[34].                   Figure 11:Barcode (Pixels chosen for plotting).
As can be seen, the colored line shown on the original image depicts the line of pixels chosen to be plotted on a graph. The graph then shows the edge slopes between black and white pixels.

 (
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Figure 12: Edge slopes where white and black alternate.


The following figure shows the different types of edges that may be found. Edges with steep gradients are the best to detect but will hardly ever come up within real digital imagery. Noisy edges tend to be the most difficult and cumbersome, although there are certain techniques that can be used to overcome them [10], [35], [36]. The edges found within the graph above look to be quite noisy towards the ends of the peaks and valleys. However, because of the large range between these values, locating the correct edges in this case should be relatively easy. 


[image: ]


Figure 13: Edge Gradient Types [35], [36].



There have been a range of techniques developed to detect and extract these edge points. The first and simplest solution is the Difference of Gaussian method [10]. This method uses what is known as a Gaussian filter, which is passed over the image with two different size sigma (spread or standard deviation of the Gaussian). The Gaussian filter is essentially a weighted smoothing function, which when used on 2 dimensional images, effectively blurs them. The resultant images are then subtracted, which mathematically cancels out image values that were unchanged by the Gaussian filter; leaving the edge portions of the image segmented.   

Another common edge detection technique is the Sobel operator. This method uses intensity gradients in both the horizontal and vertical directions, to extract the edges. Gradients represent an image’s change in intensity and can have a magnitude and direction. Once both gradients have been computed, Pythagoras’s theorem is then used to compute the final gradient based on the absolute values of the individual X and Y (horizontal and vertical) results [36]. 

The last technique is the Canny Edge Detector. This technique is much the same as the Sobel operator in the fact that it again uses the gradients of images to extract the edges. However, Canny takes this a step further by including edge thinning and hysteresis thresholding, which can be used by the developer to eliminate less prominent and noisy edges that are not of interest [10], [37], [9].

The following figure shows these edge detection techniques. It is important to note that Canny and Sobel only work on Grayscale images. Therefore, there would need to be a conversion beforehand. There are also certain parameters that can be adjusted to improve the detection of relevant edges, and reduce the detection of edges that are not relevant. For example, the upper and lower bounds of the Canny thresholding can be tweaked to allow less prominent edges to be detected. 

There are also certain preprocessing techniques which could be used to achieve such effects. For example, when using the Sobel operator it is common to first perform some kind of blurring on the image, usually using a Gaussian filter as discussed earlier - this smoothes the edges, which in turn decreases the magnitude of the intensity gradients. This restricts and dismisses the less prominent edges when deciding which edges to include during the computation [36].      
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Figure 14: Edge Detection Methods [38].


As discussed by Lubna and Mufti [39], each of the edge detection techniques have their own strengths and weaknesses. As can be seen in the preceding figure, the Difference of Gaussian (DoG) method does not give the best results. However, it is by far the easiest to implement and least computationally expensive. Some of the main advantages for using a Sobel Operator are that it is relatively easy to implement and the use of gradients seem to give better detection results. However, Canny was designed to take this further by using the probability methods to reduce noise errors, although, these extra steps make Canny more computationally expensive. The selection of a suitable edge detector is again down to the developer. However, there are a substantial amount of options available which all have something to meet a project’s needs.



2.3	Core Detection Techniques
	Used In Computer Vision

In this section, a range of detection techniques will be identified, discussed and analysed in order to establish the most well suited for the domain problem. 

This, however, could prove to be challenging. As stated by Shaikh et al [6], there has been a range of robust object detection techniques, all exploiting a number of key characteristic data, present in digital imagery. Some of these include visual features such as shapes and colours. However, most detection and tracking solutions are made up of multiple techniques. Also, many approaches use differing and cross sectioned methodologies which make the classification and analysis of solutions relatively difficult.

Detection and tracking is more often than not, a sub process within a wider context. For this reason, the core object detection techniques that are widely used throughout all areas within computer vision will be discussed. These techniques are the most prominent throughout a variety of billiard ball detection methods, though the slight variations will be discussed later. 


Detection Using Contour Features
And Parametric Models

Interpreting and using contours within images, has now become common place within image processing and computer vision. 

One of the most widely known contour extraction algorithms is the Hough Transform [40]. The Hough transform essentially uses a voting procedure to try and identify which particular pixels fall on the contour or shape being identified. The original version of the transform was used to detect straight lines by parameterising points in image space to lines in a parameter space. However, there was a problem with this approach when it came to extracting vertical lines with undefined or infinite slopes.

To deal with this problem, Duda and Hart [41] later proposed the use of a polar formation of models for parameterisation. This was an adaptation of the Hough transform, which used the theta angle and magnitude of a normal vector for the voting values. This method has stuck and is widely used today.


The Hough transform takes in the result of a selected edge detection algorithm (usually Canny), which contains all the points that fall on the edges. Each of these edge points can perform a number of votes that correspond to lines with all possible thetas plotted through that particular point. In other words, for each line plotted through an edge point, the angle and magnitude of its normal to the origin, becomes the voting parameters for that line. The bin in a voting array which corresponds to these parameters is then incremented by one (casting of a vote). The accumulated votes from a single point within the edge image correspond to a sinusoid in parameter space. This is shown in the following figures.
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Figure 15: Normal Representation of a Line [41].
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Figure 16: Accumulated Votes Produce a Sinusoid in Parameter Space [42].


As previously stated, this process is repeated for every point within the edge image. That means there will be a substantial amount of sinusoid waves produced within the parameter space. To determine what points fall on a line, you have to find the parameters which have the most votes. Within the parameter space, these points are highlighted by crossings in the sinusoid waves. 
[image: ]

Figure 17:Crossings Signify a True Line [42].


This version of the Hough transform is one of the earliest and simplest implementations. However, the methods for finding other parametric models do not change drastically. Finding circles using the Hough transform is similar to the original straight line version, providing you know the radius of the circle you wish to detect. The voting procedure is the same but the parameters within the Hough space change to reflect the new parametric model (circle)[10], [43]–[45].
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Figure 18: Accumulated Votes Produce a Circle in Parameter Space [46].


As seen in the preceding figure, the points within image space cast a vote within the parameter space. The votes here, however, correspond to a circle rather than a sinusoid. The point within image space represents the center of the vote in parameter space. The vote (circle) is then cast using the radius parameter we already know. As with the previous method, the bin with the highest votes contains the parameters that correspond to the true circle in image space. In the preceding figure, this is represented as the red square.
Performing a circular Hough transform without knowing the circle’s radius becomes a lot more complicated. This is because instead of two parameters within the parameter space, there are now three parameters to deal with[43]. This also means that the number of voting bins has also increased substantially. It is also important to note that it is impossible to check for every possible radius, as it would require infinite amounts of memory. 

One of the biggest advantages to the Hough transform is the fact that it is relatively robust to part occlusion[45]. This is due to the voting procedure and the way it is transformed into a separate parameter space. This means points just get to vote and accumulated results are enough to detect the model.

The main disadvantage is the fact that the number of parameters within the model, exponentially increases the computation time of the voting[44]. This is mainly due to the fact that you need a dimension of bins for each parameter. This is ok for two parameters like lines and circles with a known radius. However, with three or more parameters, the number of bins can quickly increase to millions, making computing the voting out of the question.

Taking this into consideration, the Hough transform is a technique which is still used within many object detection and tracking research papers[44], [47]–[52]. The technique has also been used with some success, which warrants further testing of the Hough under case conditions.


Detection Using 
Colour Features

Colour is a feature that has been utilised in many image processing applications for decades. It is also one that has been adopted in many solutions when it comes to billiard ball detection. Regardless of whether the game is snooker or pool, the balls being played with are all strong, vivid colours that can be picked up on camera relatively easily.

There are many options to use colour within image processing and computer vision systems. However, one of the simplest and quickest options is to use it within a thresholding operation.


Thresholding is a technique which has been adapted in a variety of ways over the years[53].This means that today, there are many thresholding techniques that can be selected based on your specific requirements. One of the most intuitive options is known as local binary thresholding. Each individual value of an image is compared against a defined threshold noted as ‘T’. When the condition is true, the corresponding pixel in a new image is set to ‘1’. If otherwise, the pixel is set to ‘0’ resulting in a new binary image with our pixels of interest segmented. The following figure shows a local binary threshold which can be used on any image. The result would be a separate binary image represented as F(x,y).




Figure 19: Local Binary Threshold.


The preceding figure assumes that the image is either processed as a gray level (represented by a single Byte) or the operation is being performed on a single, or average of a channel within a pre-defined colour space. The two most widely used color spaces are RGB and HSV[18], [21]–[23], [25], [50], [54]. The RGB colour space is more widely known because it is used in most camera hardware and displays. This means that processing time can be saved, if thresholding within the RGB space is suitable for your requirements. This is because there is no need for any conversions. 
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Figure 20: Thresholding of the Colour Green.  (Left: Input Image[55], Right: Resultant Binary Image).



RGB colour thresholding, is a method used in a selection of current billiard ball detection processes. However, research by Farhat et al [18] suggest that the most robust colour space to perform colour thresholding in is in fact the HSV space. The HSV is also robust to lighting conditions because colour (the part we are interested in) is encapsulated within one channel - the hue. This is much simpler in comparison to RGB, where the colour is mixed between the three channels.

One of the main advantages for using colour thresholding as a detection technique is the fact that it performs detection and identification, in one operation. In the case of billiard balls, the thresholding operation can be performed to segment each coloured ball, based on the specific colour. In doing this, each individual ball has been located as well as classified.

It is important to note that this is not tracking but rather running a detection solution on every frame. However, this is not necessarily a bad thing as a detection method like this can be fast and highly robust in certain situations.

One of the biggest disadvantages of colour based thresholding is due to the fact that lighting conditions can greatly affect its suitability within applications. This problem has become the subject for further research and there are now solutions to this problem[10], [24], [56].

For example, a technique known as adaptive thresholding has been developed, analysed and built upon over the last few years. Sharma and Abrol [24], investigated colour based adaptive thresholding techniques, where the most intuitive method was to essentially allow us to define the threshold value (T) based on an average of its neighboring pixels. They also investigated its effects within the RGB and HSV colour spaces.


Morphology-Based Detection

Another common detection method found within select literatures relating to billiard ball detection [57], [58], is known as the Watershed Transformation. The watershed transformation is a segmentation algorithm, which works with a grayscale image as if it was a topographic surface[25], [59]–[61]. The intensity values of each pixel represent its altitude; meaning pixel regions with high intensities become mountains where pixel regions with low intensities become valleys.  
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Figure 21: Watershed Theory [59].


The term watershed directly relates to watershed lines found on the bed of low rivers or beaches[60], [61]. Within the algorithm, these lines generally represent some change in intensity (edge gradient), which could potentially be of interest for us. In order to extract these watershed lines, the watershed transformation uses the idea of flooding the surface until it is sure only the watershed lines are left above water. As shown in the preceding figure, the local minima (valleys) would essentially be flooded incrementally. This means that the lowest minima (left) would flood first and will continue to rise until the next minima (right) is reached. This valley would then proceed to flood with the water continuing to rise until the watershed lines are reached and all valleys have subsequently been submerged.

In the final stages, the flooded regions will eventually merge when passing the altitude level of the watershed lines. Before this happens, the watershed lines are referenced, which is a process that can be thought of as building barriers or dams to stop the floods merging[60], [61]. Once flooding has complete, the remaining barriers built upon the watershed lines represent the segmented regions of interest present within the original image. Therefore, the remaining barriers are essentially the contours of the object that is being segmented.

One of the key advantages of the watershed transform is its ability to detect partly occluded, overlapping and touching objects. These are problems that all detection and tracking algorithms face and the watershed approach is able to deal with them effectively without becoming too complicated or expensive to run. The watershed also has some robustness to lighting conditions, due to the fact that it is only the intensity value of each pixel being used within the computation.


2.4	Basic Tracking 
Techniques

As previously discussed, the process of tracking an object is separate from that of detection and classification - tracking being more concerned with approximating an objects path based on information already obtained on it [30], [31]. 

For this project, tracking was left to one side, while the detection and classification of objects was solely investigated. The reason for identifying relevant tracking techniques is because they can be used in conjunction with detection methods to form an overall better solution within object tracking[23], [28], [33], [54], [62]. This means that once the most suitable and robust detection method has been established, the main focus can then shift to finding a suitable tracker, capable of taking over the object identification process. If the tracker was to lose an object, it could simply be reseeded (at runtime) using the detection method selected as a result of this investigation.  

There is a multitude of tracking algorithms, which have previously been implemented within a range of applications. Most tracking solutions fall into one of three categories; point tracking, kernel-based tracking and silhouette tracking[31].

One of the oldest and simplest approaches is known as Template Matching[33], which involves learning the object of interest, pixel by pixel, in a brute force manner. The group of pixels is then matched up within new images, indicating detection has been made.

Another approach is known as sequential imaging and works in a similar fashion to template matching. Sequential imaging is concerned with differences in pixels between two or more frames[6], [28], [31], [63]. For example, if an area of connected pixels was to begin to translate between frames, this group of pixels could be assumed to be an area of interest and could be tracked.

There are many more advanced methods of tracking, such as the Kalman Filter, Support Vector Machine (SVM), CAMShift and Optical Flows[1], [10], [30], [31], [64], [65]. However, these would need to be investigated further as the project becomes more complex. A range of relevant tracking methods are depicted below.
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Figure 22: Prominent Tracking Methods [31]. 



2.5	Usage in Billiard Ball
Detection/Tracking Systems
	
The following will identify relevant detection techniques, which have specifically been adopted within billiard environments. This will aim to highlight potential solutions as well as possible issues, drawbacks and enhancements that may become apparent when developing such systems.


Detection Using
Specula Light

In a study by Gao and Namee [57], where detection of billiard balls is required for 3D reconstruction of the table setup, contours were used to extract the playing surface and balls from a top down view of the table. Specifically, Hough transform was used to distinguish the table, with a circular based transform used to detect the balls. The findings from their initial study reported that this approach, however, did not give the best results because of the abundance of noise present within the images. It is also thought that the curved edges extracted at the beginning, were not clean enough for the circular Hough transform to work properly.

They later go on to draw attention to a certain similarity found on the balls of each image. They notice that every ball contains a pure white dot which is in fact specula light being reflected from the surrounding light source. This specula dot was consistent in many images, whether from their test samples or professional videos found online. They later go on to exploit this feature to actually detect the position of all the billiard balls. This was done by first converting the image to grey level and then using thresholding to extract the specula dots. During this process, other specula noise from the surrounding table and pockets were picked up giving inaccurate results. This was dealt with by declaring regions of the table where the specula glow is simply ignored. 

After the positions of the balls were detected, they go on to perform classification by calculating the average RGB value within a specified region of interest. This average was then compared against a value present within a lookup table previously developed by the authors. 

To test their proposed reconstruction method, four frames containing a total of 181 balls were used for qualitative assessment. As stated, only one ball was unidentified within the four frames. This was due to the fact that it was near the pocket, which was previously set to be excluded during processing. The colour detection failed three times within the four frames. 

The ball layouts used in the study were relatively simple and there are no objects such as players and cues present at all. This means that there is no testing under problems such as occlusions and lighting changes due to player shadows. The lighting within this study also seemed to be constant. 


Static Thresholding &
Watershed Approach

In another study by Ling et al [58], the emphasis is on multiple billiard detection in snooker match videos. Again, the process of ball detection is split up into distinct sub sections which have each been analysed and discussed within the paper. The figure below shows the key sub processes which were outlined by the authors.
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Figure 23: Yan Ling et al Sub Processes for Billiard Ball Detection[58].


As with the previously discussed method, this study also starts their detection process by extracting the main region of interest (the playing surface or table). The authors state the reason for this extraction is to minimize any outside interference or noise that may be present outside the playing area. This is because their camera angle is not in a perfect top down position much like the previous method. They use snooker match footage which is typically used during broadcasting, meaning the camera angle takes the spectator’s view into consideration. 

The table segmentation was performed using a mix of colour based thresholding and the Hough transforms discussed in the previous method. They start by again calculating the most prominent values in the RGB colour space. Since the table surface takes up around 90% of the image, the colour of this playing surface is the one that is calculated. Once this is complete and the region of the table has been successfully established, the authors go on to use a standard Hough transform to identify the four prominent edges that make up the table’s silhouette. The authors do not disclose any of the preprocessing steps required to be able to make this part of the process work. Details such as the chosen edge detection algorithm, morphological operations used and any issues that arose were not mentioned within the documentation. It is also worth noting that like the previous method, the authors here also decided to perform their colour thresholding within the RGB colour space. 
This could be investigated further as there is now research to suggest that you can get better colour thresholding results by performing the operations within the HSV colour space[18], [19].

The next sub process was the actual detection of all the billiard balls. Here, the authors actually define a common problem which will more than likely be present, especially within snooker. They state that detection of at least one of the balls may be difficult due to the fact that it has similar features to its surroundings (the colour features are the same). In snooker, this will be the green ball, as the colour of most baize is more often than not of a similar green colour. You can get table cloths in a variety of colours. However, most of them are of the same colour of at least one of the balls (blue, black, yellow, green etc). This means that this problem when using colour segmentation will most likely become apparent when trying to detect snooker balls.

All non-green balls were detected with an initial colour based segmentation, followed by a marker based watershed approach, as discussed earlier. This was able to accurately detect most of the balls. The green ball, however, was detected using thresholding of the specula light, as with Gao and Namee’s method. The culmination of these two processes was then used to extract all balls from the image with reasonable accuracy. 


Template Matching &
Image Subtraction

Another method of detecting billiard balls was proposed by Shen et al [26]. They too were trying to reconstruct the setup in 3D. The method involves the use of techniques such as template matching, image subtraction and thresholding to produce a working solution with good accuracy. 

Template matching, as previously outlined, is a technique where you would try to match pixels within a template, to ones within an input frame[33]. This means you could have a template image of a red ball and try to search the input frame for instances similar to that of the template, highlighting potential areas which may be red balls.

Within this method, a template was used to extract the playing surface from the input images. However, instead of searching for the template, it is used as an input to perform a logical ‘AND’ operation with the main input frame. The resultant output is the segmented playing surface ready to extract the billiard ball areas. 
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Figure 24: Shen et al Method for Billiard Ball Detection [26].


Once the playing surface has been determined, the process then moves to extract potential object areas using a broad threshold. This is different from other approaches as the threshold is less specific to a certain colour. Following this binarisation process, some relatively complex clustering operations are used to accurately narrow down and determine the correct ball areas.


Contour Detections

A final study was conducted by Bauza et al[51], primarily with the intention of creating a pool training system, capable of recommending available shots to beginner players. Again, the detection of the pool balls is clearly defined and categorised into a number of key components. Bauza et al[51], also state OpenCV as their choice for implementing these techniques.

The first stage was to isolate the table (or playing surface), which is a reoccurring stage throughout all of the literature. Bauza et al[51], uses a mix of colour thresholding and contour selection to achieve this process, similar to that of previous methods.

The detection of the balls was accomplished by finding the circular contours on a resultant binary image, generated by a broad threshold. The paper also states the use of morphological operations, applied in several iterations to improve detection and gain accurate results.

Classification is achieved by calculating the average pixel values of a detected region (ball) and checking them against a set of defined values for each of the colours present in their match. Here, the authors use a training phase where each of the colours is gathered automatically during setup. However, it is important to note that they could be hard coded within a lookup table to speed up development within a single environment.

The authors state their detection and classification processes to be approximately 95% accurate, with performance figures of around 40 FPS (frames per second). These are relatively high and would likely be considered when benchmarking methods are produced during this project.


Key Findings From 
These Approaches

Despite detection failures within Gao and Namee’s solutions [57], the idea of using the specula dot has grounds to be investigated further. This is because it is indeed present in most billiard table situations and should be easily identifiable using some sort of thresholding approach.

Ling et al[58] highlights an effective multi objective approach and draws attention to the difficulties in detecting balls of a similar colour to the surroundings. Their method also proves that static thresholding and watershed segmentation approaches can effectively detect the balls. This method also highlights the fact that any proposed solution could include a multitude of techniques, in which each play a key role in an effective and accurate system.

Because the use of contours keeps reoccurring throughout much of the literature, techniques such as the Hough transform will be assessed and investigated further. It is important to note that although the Hough transform did not work well for the balls within some papers, it did work well for identifying and segmenting the table and playing surfaces. Noise is stated to be the major culprit for false contour detection with circularity criterion. Therefore, it is important to investigate the current techniques and processes available, specifically designed to reduce noise and in turn, improve detection accuracy[10].

2.6	Key Performance 
Enhancements 
	
The performance of these detection methods, whether in terms of computational intensity or accuracy, mostly boils down to how they are implemented and adapted to work within certain environments. Developers have a variety of options when it comes to improving such techniques which could potentially be performed as a pre or post processing step.


Improving Accuracy

Improving detection accuracy will most likely become a critical process to ensure discussed methods work effectively. Therefore, it is important to identify possible methods and techniques that can improve detection accuracy in a multitude of ways. Preferably, these techniques should not require a substantial amount of resources and should holistically offer a low impact on computational performance.

The first group of common operations is known as linear filters, which are two dimensional masks which filter the image in a linear fashion [9], [10], [17]. The most prominent linear filters used within image processing are smoothing operators, such as the Guassian, mean and median blur stated earlier [9], [11], [12]. The reason smoothing operations improve accuracy, is because they reduce the amount of noise (eccentric data points) present within images. This in turn allows the detection operations to work more effectively. 

Another group of operations that are useful when improving detection accuracy are known as morphological operators. These types of operations work in much the same way as linear masks. However, morphological operators are concerned with the structuring of data. In terms of two-dimensional digital imagery, this means that morphological operations can be used to re-structure images[10], [24], [64].

Two of the most common and useful operations include erosion and dilation. Erosion works by expanding the relative lower values which in turn, erodes the data of interest[10]. Erosion is mostly used to remove speckled noise, therefore, improving the quality of detection masks and seeding imagery. The figure below shows erosion taking place and how it refines data for later analysis.
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Figure 25: Erosion Operation (Left : Input Image  Right : Result) [10].


Dilation works in much the opposite way to erosion. However, when using dilation, the higher relative values are expanding. When used within digital images, this effectively can be used to expand regions of interest[10], [32], [33]. One of the most common uses is for hole filling when performing segmentation techniques. This again can greatly affect the performance of many of the detection techniques discussed previously. The figure below shows dilation taking place on a binary image.
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Figure 26: Dilation Operation (Left : Input Image  Right : Result) [10]





It is important to note that although similar, erosion and dilation are not inverse operations mathematically. They do not have an inverse relationship and cannot be interchanged and or reversed by performing the alternative operation[10], [17]. This is useful to know as misusing these operations can waste already limited resources.


Improving Computational Performance

In order to improve the computational performance of a frame by frame detection method, the simplest procedure is to reduce the amount of data being processed [10], [15], [53]. This essentially means removing parts of the image that are not of interest and therefore, of no use.

There are a few options when it comes to carrying out this task. The first is to actually segment portions of the image out completely (such as the playing surface). This approach seemed to be the most prominent within the documented techniques[26], [51], [57], [58], [64], [66]. Another approach is to scale down the entire frame using a suitable scalar [4], [10], [15], [33]. This sort of method essentially removes image data without deteriorating the image too much. Although this approach works well, it may prove to be problematic if it was to remove too much of the data that is actually needed. Both approaches could potentially be implemented to investigate their effectiveness during the development phase.


2.7	Comparative Studies of 
Detection Techniques 
	
Many literatures set out to compare and contrast the detection, classification and tracking techniques previously discussed. In a survey by Parekh et al [31], detection methods such as background subtraction and optical flow have been featured and reported to range from moderate to high accuracy and computational performance. Colour based classification was also featured and proved to perform better than its shape, motion and texture based counterparts.

Methods such as thresholding, edge detection watershed and clustering have also been compared to identify their advantages, weaknesses and suitability within various environments. Comparisons by Kaur, Yogamangalam and Karthikeyen [8], [67], show thresholding and edge based methods to be advantageous for images with vivid contrast between objects, whilst clustering and watershed methods tend to be more stable and useful within real world environments. This reinforces the assumption that the low level methods may in fact perform better within a billiard environment, due to environmental factors such as continuous lighting and colour contrasting between objects.

It is important to investigate results from more complex detection algorithms, as to get an idea of how any proposed detection strategies are performing in comparison. In another study by Ghosh et al [68], a number of advanced feature detectors are critically tested within an image mosaic environment. Here a number of detectors such as FREAK, SURF, Harris and FAST were all put to the test to determine a relative accuracy for each method. Results showed to be relatively poor with accuracy percentages averaging 39% across the techniques. 

In combining the findings from all literature, it can be relatively safe to aim for a benchmark of at least 50% accuracy with relative real time performance (15 to 20 FPS). This would ideally be achieved using simpler methods such as thresholding, contour matching and morphology/watershed. Aiming to use as little resources as possible will be of vital importance. Therefore, the decision to include any other process enhancing techniques will need to be taken with great care. Eventually, a number of working billiard ball detection strategies could be successfully compared within a real world pre-determined environment. 


2.8	Summary of Literature

Tracking objects within digital imagery involves a multitude of issues which need to be individually assessed and solved to create working solutions. The process of object tracking can be categorised into three major parts; detection, classification and tracking [15], [28], [32], [33]. Detection is the process of identifying the region of interest (ROI) which best suits the object being detected. Classification is concerned with distinguishing one object from another or similar objects with varied features. Tracking is the process of using detection data to ultimately determine where the object is about to go next.

The detection process is the first and most critical when developing object tracking systems. It can also prove to be difficult because of the range of variables that may be present within the physical environment. These include lighting conditions, object density, occlusion, object speed etc.[26], [57], [58]. 

Some of the early, but still widely used methods of detecting objects involve the use of features such as colour and shape. The first method, known as the Hough transform, is a simple feature detector, capable of detecting a variety of parametric models using their contours [43], [44], [50]. The method is essentially a voting system which tries to match the points of an edge to that of the model being detected. The method is reasonably robust and is said to be suitable for testing within a billiard sport environments[51].

Another identified method was to threshold individual pixels based on their values. This ultimately means that features such as colour can be individually segmented out of imagery, using simple branched conditioning [24], [57], [58]. Colour thresholding is one of the simplest methods of detecting objects. It is also one that can be successfully implemented within a billiard environment due to the varied and vivid colours which can be found within its related imagery.

Strategies like these can be implemented successfully by themselves. However, they often require a number of extra processes, used to improve the accuracy and or performance within a variety of real world environments [43], [51], [65]. Many of these processes aim to accomplish a range of tasks such as smoothing, data reduction and structuring. Many operators and filters such as erosion/dilation, blurring kernels and image scaling have been successfully proven to aid a number of the previously identified detection methods. They have also been widely used within implementations related to billiard sports.

For this project, both the use of contours and colour features will be focused on during development. Techniques such as colour based thresholding and the Hough transform will be used in a multitude of ways to try and determine possible detection solutions which work well within a real environment. Some initial options would be to threshold balls individually based on specific colour, threshold a particular feature such as the specula reflection, or to extract and determine which contours match the shape being detected. These solutions will then be critically assessed for their accuracy, performance and suitability.








3.0	Research 
Methodology

The following section will identify and outline the specific research philosophies, methodologies and approaches which have been carefully selected in order to carry out this project. It will also provide an indication into the projects timeline and risk management procedures, as well as providing clear justification for the decisions made.


3.1	Required Outcomes 
	
In order to support the aims and objectives identified for this project, a range of measurable outcomes need to be carefully defined. These should also coincide with a hypothesis of sort.

Project Questions

There are a range of viable solutions which can be implemented in the pursuit of real time billiard ball detection and tracking. Many implementations targeting a multitude of specific object features have proven to work well within this domain. However, can these solutions be implemented using low end, resource stricken hardware and if so, which solutions are better suited to the task?


Project Outcomes

· Demonstration of a select few of the most widely documented object detection techniques.

· Quantifiable insights into which techniques are better suited to the use case under development.

· Clear conclusions into the specifications required for a high end system.


3.2	Proposed Philosophies

This project is an exploratory insight into object detection, concerned with primarily gathering quantifiable analytics on a select few techniques, suitable for use within a billiard sports environment. To reflect this, a positivism philosophy along with a deductive approach was determined the most suited path for this research project.
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Figure 27: The Research Onion [69].


A positivism philosophy is more geared towards real world quantifiable data, using research strategies which are measurable and repeatable [69]. As shown in the preceding figure, selecting an appropriate philosophy is only the beginning when it comes to defining a holistic research methodology. From there, individual strategies, techniques and procedures can be carefully selected. The figure works by grouping specific methods close to their respective philosophies and approaches.

The reason for choosing such philosophies is due to the fact that image processing and computer vision solutions are driven and dependent upon the scenarios they are being used in. A considerable amount of real world, requirements based data gathering, teamed with a considerable amount of real case testing is the key to ensuring proposed solutions work effectively and efficiently. 









3.3	Research 
Strategies

The chosen strategies for this project include a combination of primary and secondary approaches, which together produce a strong and valid triangulation of data to support any findings this research may produce. 

Secondary Research

A literature review will form the core foundation to the project, identifying a range of the most prominent methods which are potentially suitable for detection within a billiards environment. An effort will also be made to link common detection methods to current attempts at this specific domain problem. The literature gathered will be used throughout and any proposed methods should stem from reliable and trusted implementations. 

Practical Implementation

Implementing image processing and computer vision techniques is the key to understanding how they work efficiently. This is due to the fact that many of the detection methods stated may require a considerable amount of parameter tweaking in order to get clean, noise free results. Identified detection methods will be implemented within a testing application, which is to be used within the case study to acquire data statistics. For this reason, a number of key specific use cases must be developed and incorporated within the software. These include the real time switching of detection techniques and gathering of data samples with the correct testing parameters.   

Case Study

A case study will be constructed which will clearly assess the suitability of specific object detection techniques within a real world environment (specifically a real table and balls). The main objective for this approach is to be able to subjectively identify and document specific environment phenomena, along with gathering quantifiable detection results to present a repeatable test setup which could be built upon in the future. Specific testing parameters being considered are the detection techniques performance (how many frames per second are being processed) and accuracy (total number of false positives/negatives within a sample).    
















Figure 28: Triangulation of Research.


Each individual strategy should support and complement the others. From here, the process is to use these strategies, along with a range of critical analysis techniques to gather meaningful and valid data which can be useful to this project.


3.4	Data Collection 
	And Analysis

The primary component of this research will involve structured testing of at least three detection strategies. This process would be carried out during the proposed case study and will be accomplished using the benchmarking software; created during the implementation phase. When testing the strategies, two key aspects will be taken into consideration. These include the performance and detection accuracy. To measure this, the benchmarking software will provide the ability to gather any number of samples (collections of individual frames), using any proposed detection method. 

The independent variables within this study would be the strategies themselves (strategy A, strategy B, and strategy C). The dependant variables related to accuracy are positive, false positive and negative detections. For performance, the variable is frames per second (FPS). A false positive is recorded when the detection strategy has detected something that is in fact not there.

The data gathered will be assessed to distinguish between any proposed detection strategies. Questions to be answered include which method, if any, is better in terms of accuracy? Do any pre/post-processing techniques considerably affect performance or accuracy? The data extracted would likely provide answers to these questions. However, core statistical tests, such as an analysis of variance (ANOVA), will also be carried out to test the significance of the data gathered. 
3.5	Risk Assessment
	
The following identifies important risks which would need to be assessed and considered within the research plans. Planning to prevent any damage from such risks is also vital to ensuring the success of the project.

	Risk
	Probability
 (0-5)
	Severity (0-5)
	Score 
(P x S)
	Prevention / Actions

	Short Timescale 
	5
	3
	15
	Careful planning and achievable requirements must be declared and adhered to.

	Knowledge limitations
	3
	3
	9
	Extensive secondary research carried out beforehand. Along with practical implementations which should also be practiced and tested.

	Tasks being overrun due to complications
	4
	4
	16
	Extensive consideration towards project planning. Along with the use of an adaptive, agile development methodology.

	Licensing Issues with development tools
	1
	4
	4
	Careful selection of development tools, with a high consideration towards open source content.

	Technical Issues (Lighting, Devices)
	4
	4
	16
	Extensive logging of case phenomena with a careful consideration towards setup and planning phases.




Table 1: Project Risk Assessment.























3.6	Project Timescale

The following table outlines the key phases of this research, including the dates in which the individual project tasks begin and end. The planning structure was defined and adapted using a well known planning tool known as a Gantt chart [70], although, here a less graphical approach was taken.
	
	
	Start Date
	End Date

	Project Research
	01/10/2017
	31/03/2018

	   Initial Phase (Core Write Ups)
	01/10/2017
	31/12/2017

	       Aims and Objectives
	01/10/2017
	08/10/2017

	       Background Information
	08/10/2017
	31/11/2017

	       Literature Review
	08/10/2017
	31/11/2017

	       Research Methodology
	01/12/2017
	31/12/2017

	Software Development
	01/01/2018
	31/01/2017

	       Complete Key Use Cases
	01/01/2017
	07/01/2018

	       Complete Domain Model
	07/01/2018
	08/01/2018

	       Complete Class Diagram
	07/01/2018
	08/01/2018

	       Complete Sequence Diagrams for Use Cases
	08/01/2018
	09/01/2018

	       Setup Environment
	09/01/2018
	10/01/2018

	       Construct Black Box Tests
	10/01/2018
	11/01/2018

	       Construct Unit Tests
	11/01/2018
	14/01/2018

	       Write Code
	15/01/2018
	28/01/2018

	       Carry Out Testing
	29/01/2018
	31/01/2018

	   Case Study
	01/02/2018
	28/02/2018

	       Outline the Setups
	01/02/2018
	02/02/2018

	       Outline Key Phenomena
	01/02/2018
	02/02/2018

	       Gather Data Samples
	01/02/2018
	11/02/2018

	       Analyse Results
	12/02/2018
	25/02/2018

	       Draw Conclusions
	26/02/2018
	28/02/2018

	   Final Phases 
	01/03/2018
	31/03/2018

	       Reflection
	01/03/2018
	04/03/2018

	       Review Over Completed Work
	05/03/2018
	11/03/2018

	       Second Review
	19/03/2018
	31/03/2018




Table 2: Project Timescale.
4.0	Development of 
Benchmarking Software

This section will outline and discuss the development methodologies and procedures selected to engineer and build the testing application. This piece of software is to be used to test proposed object detection solutions.


4.1	Application Domain
	
The main purpose of the testing software is to be able to utilise a variety of detection techniques interchangeably in real time. It must also be able to gather key data, specifically individual frames, sample lengths and FPS calculations; which will be later used to critically analyse the implemented techniques.


4.2	Developmental Approach

The holistic developmental process chosen for this project was an adaptation of the Unified Process (UP)[71], [72]. UP is an agile development methodology, designed to minimise the disruption of ongoing change within a project. It is an iterative and incremental approach which is highly adaptable and interchangeable. The Unified Process also emphasizes design, analysis and supporting documentation, before hastily implemented code. This allows for features to be individually encapsulated as use cases, meaning they can be engineered, built and tested separately. The core structure of UP can be seen below.















	Discipline
	Artefacts
	Inception
	Elaboration
	Construction
	Transition

	Business Modelling
	Domain Rules
	Start
	Refine
	
	

	Requirements
	Supplementary Specification
	Start
	Refine
	
	

	
	Use-Case Models
	Start
	Refine
	
	

	
	Vision Document
	Start
	Refine
	
	

	
	Glossary
	Start
	Refine
	
	

	Design
	Design Models
	
	Start
	Refine
	

	
	Architecture Document
	
	Start
	Refine
	Refine

	
	Data Models
	
	Start
	Refine
	

	Implementation
	Implementation Models
	
	Start
	Refine
	Refine

	Testing
	Test Modelling
	
	Start
	Refine
	

	Environment & Management
	Development Case
	Start
	Refine
	
	

	
	Project Plan
	Start
	Refine
	
	

	
	Software Development Plan
	
	Start
	Refine
	Refine




Table 3: Unified Process(Core Structure)



4.3 Implementation of Computer 
Vision Techniques

Computer vision techniques will obviously be at the heart of this application. The techniques discussed within the literature review could potentially be developed from scratch using the Android Software Developer Kit (SDK)and its relevant libraries. However, this would involve a substantial amount of testing on functions that have already been implemented for some time. To speed up the development process, the decision was taken to utilise a computer vision focused library that could be easily integrated within Android.

For this application, OpenCV was the library of choice. OpenCV is an open source library originally developed by Intel almost 20 years ago[10], [15], [73]. It has now become one of the most prominent implementations of computer vision, due to its flexibility and ease of use. Although written and optimised in C++, OpenCV provides wrappers for languages such as Java and Python, making it suitable across platforms. 

There were also a few alternative solutions considered which should be noted. The first was another library known as FastCV. Developed by Qualcomm, FastCV is a mobile optimised computer vision library specifically designed for mobile ARM processors[74]. The main drawback with this option was the fact that FastCV is relatively new, meaning information and learning resources are sparse in comparison to OpenCV. The option of removing the mobile device entirely was also considered. However, this option increased the cost of the project significantly because a dedicated camera and computer was required to work with a complete real world case. 

The key flaw with using OpenCV is the wrapper allowing C++ code to be interfaced using Java. In doing this, the performance of the library is slightly compromised. This, however, should not be a problem as any testing is being undertaken between technical solutions. This means if all the testing is completed on the same system, the results should be somewhat valid. 

Android has recently introduced a Native Development Kit (NDK)[75], which essentially solves this problem by allowing developers to run native code (C++) within Android using the Java Native Interface (JNI). This option was also taken into consideration. However, due to the extra time needed to understand the new kit, the decision was taken to stick with the original OpenCV Java library.  


4.4 Key Use Cases

Developing key use cases for the application was the very first task to be undertaken during the development phase. Part of requirements elicitation within UP (Unified Process); use cases provide detailed and descriptive scenarios about how the application is to be used by select users[76]–[78]. This in turn allows developers to quickly identify the key requirements various users may have.

Use cases can also be used as initial test material to ensure an application is working as intended. Once the system has been created, the use cases can be revisited, tested and improved which helps to deliver an efficient and stable application that meets and exceeds user requirements.

For the test application required for this project, two main use cases have been identified and evaluated for development. The main actor for both cases is the test analysis (person carrying out the testing and observing the play).
[image: useCaseDiagramswitchSingle.png]

Figure 29: Use Case 001 (Switch Detection Method - Diagram)


The first case is to encompass the switching of a detection method (or strategy). The switching will be accomplished in a linear fashion, meaning you would switch from one method to the next; then back to the first one, upon reaching the last. Because of this simplicity, there is no real alternative flow that could be identified. The full use case has been drawn up in the following table.


	Use Case No.
	001

	Name
	Switch Detection Method

	Scope
	Idle

	Actor(s)
	Test Analyst

	
	

	Key Details
	· The number of potential tracking solutions is currently unknown.

· Only one method should be running at any time.

· Upon application startup, a default method should be selected.

	Main Success Story
	1. The test analyst starts the application and begins to observe real time play. The default detection method is currently running.

2. They decide to switch the current detection method and proceed to select the corresponding option.

3. The current method is switched, notifying the observer of the relevant change.

4. Steps 2 and 3 are iterated to switch to subsequent methods. Should return to original method when switching from the last.

	Alternative Flow(s)
	None




Table 4: Use Case 001 (Switch Detection Method - Textural)
[image: useCaseDiagramsampleSingle.png]

Figure 30: Use Case 002 (Gather Data Sample – Diagram)


The second use case was constructed to assess the gathering of data samples. The most important detail is the fact that data samples would need to be permanently stored for later analysis. Samples should be stored relative to the detection method being used. Therefore, an alternative scenario depicting this has been written to keep this requirement in mind. Samples must also be gathered within a defined time constraint, giving a valid FPS (frames per second) statistic for each sample.

























	Use Case No.
	002

	Name
	Gather Data Sample

	Scope
	Idle

	Actor(s)
	Test Analyst

	
	

	Key Details
	· A data sample should consist of an ordered set of frames, of which gathered within a 10 second timeframe.

· A data sample would need to be persistently stored for future analysis.

	Main Success Story
	1. The test analyst starts the application and begins to observe real time play. The default detection method is currently running.

2. They decide to gather a data sample and proceed to select the corresponding option.

3. A notification should tell the observer that data sampling is in progress.

4. Once 10 seconds has passed, the observer should be notified that sampling has been completed. The data sample is stored in a relevant (in terms of detection method) folder on the device. 

	Alternative Flow(s)
	1. The test analyst switches detection method 
upon startup.

2. Main success story is initiated, beginning at stage 2.

3. When stage 4 is reached, the data sample is stored in a folder relevant to the switched detection method.




Table 5: Use Case 002 (Gather Data Sample– Textural)
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Figure 31: Use Case 003(Check Saved Sample – Diagram)
The final key use case was created to elicit a new feature for checking a previously saved data sample. The initial idea was to create a basic file management system which can be used to quickly navigate the sampling folder from within the application. This allows the observer to quickly check any samples which have previously been saved. 


	Use Case No.
	003

	Name
	Check Saved Sample

	Scope
	Idle

	Actor(s)
	Test Analyst

	
	

	Key Details
	· During strategy testing, the analyst may wish to check samples which have previously been saved.

· Should be able to view individual sample frames in full size and resolution.

	Main Success Story
	1. The test analyst carries out use case 002, resulting in new samples being saved to the device. 

2. They decide to check the previous sample to get an initial perception on its accuracy.

3. They proceed to select the view samples option which begins a new activity. A file management structure listing the sample strategy folders is shown.

4. The test analyst selects the strategy folder that was used for the previous sample which in turn, changes the file listings to display all samples relating to that particular strategy. 

5. They select the sample which was previously saved, displaying all the individual frames.

6. Upon selecting a frame, a full size, full screen version of the image can be seen for analysis. 

	Alternative Flow(s)
	None




Table 6: Use Case 003 (Check Saved Sample – Textural)














4.5 Requirements 
And Features

Once an analysis on the application’s main user (test observers) has been carried out, an initial set of functional and non-functional requirements can be identified. Many of the requirements contribute to the core features the application must eventually possess. 

For the test application being created, there are only a few select features required to make the application a success. As stated previously, the overall goal for the application is to be able to gather the data required to assess a multitude of ball detection strategies within a real time test environment.  


	Requirements& Features (Iteration One)

	

	Functional
	Non-functional

	
	

	· Real time camera preview 

· Interchangeable ball detection strategies

· Strategies must be able to detect and mark red, yellow and white balls.

· Sample storage consisting of individual frames taking within a set amount of time.

· Samples must be capable of holding FPS and positive, negative and false positive detections.

· Basic image processing functions (colour space conversion, smoothing, morphology).
	· Relative high performance using basic background threading.

· Able to accommodate new detection strategies.

· Able to accommodate new testing parameters.

· Relative reliability when undertaken strategy testing.

	
Core Features

· Persistent sample storage

· Basic file management to check saved samples.

· Visual display for real time analysis within the test environment




Table 7: Requirements and Features (Iteration One)











4.6 Architectural 
Design

Within UP (Unified Process), initial exploratory procedures are part of an overall phase known as Inception. Once core requirements have been gathered and initially assessed for suitability and complexity, UP transitions into its next phase, known as Elaboration. Here, developers undertake procedures and operations focused on designing highly cohesive sub systems, which are maintainable, testable and fit for purpose[76]–[78].

Identifying the core architectural model was the first task undertaken. This ultimately provided key information as to what classes will eventually need to be constructed, as well as how they would potentially interact with each other. After a few iterations, a potential domain model was drawn to provide some understanding into the application’s core design. The model can also be used to quickly provide other developers or potential stakeholders with key information, into how the application is supposed to work. The diagram is split up into two sections. The first shows the core application features whilst the second half shows the architecture for the sample checking.
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Figure 32: Application Domain Model (Right Side – Core Application Features)
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Figure 33: Application Domain Model (Left Side – Sample Checking)


As previously stated, it is a requirement to be able to encapsulate and interchange possible detection methods. Therefore, the strategy pattern was identified and chosen as being a well suited behavioural design pattern for this problem. The strategy pattern’s main purpose is to encapsulate solutions, allowing developers to interchange them as and when required; exactly what is needed in this application[72], [79]–[81].

The domain model was later extended into a full class diagram, clearly identifying the key properties and methods required by each class. UML (Unified Modeling Language) class diagrams allow developers to design, analyse and break down a system in a clean and holistic manner. This in turn speeds up the construction phase, providing designs actually work as intended [71], [72], [76]. 

The design for integral application features can be seen in the following figure. The diagram branches off the Android architecture and begins at ‘ActivityMain’, the host controller for the app. From here, a fragment (‘FragmentOpenCvCamTesting’) encapsulating all the major camera functionality is created and attached at run time. This is a composite relationship because the host activity cannot function without at least one fragment. The diagram also shows where classes belonging to the OpenCV library have been integrated within the design.

Enlarged portions of the diagram can also be seen in the following pages.
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Figure 34: Full Class Diagram (Core Features)
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Figure 35: Class Diagram Enlarged (OpenCV Classes)
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Figure 36: Class Diagram Enlarged (Android Classes)
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Figure 37: Class Diagram Enlarged (Main Host Activity)
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Figure 38: Class Diagram Enlarged (Camera Fragment)
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Figure 39: Class Diagram Enlarged (Strategy Pattern)
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Figure 40: Class Diagram Enlarged (Strategy Pattern – Colour Thresh Strategy)
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Figure 41: Class Diagram Enlarged (Models and Helper Classes)


The preceding figure shows the model for a data sample and some lookup classes used to store key constant values. It is important to note that methods such as setters and getters have been left out, essentially to clean up the diagram. Methods such as these will most likely be added automatically when the class is created. 

The class ‘PermissionCodes’ holds all of the permission identifiers used by the application. Though only two are needed, storing them in this way keeps them in a single place, allowing them to be easily updated if a conflict was to arise in the future.

‘HSVScalarValues’ is a class used to hold static hard coded HSV thresholds, for each of the coloured balls currently under testing. These values had previously been gathered using the test environment that the application is to be used in. Again, keeping them in one place improves the maintainability of the code base.


4.7 Mechanistic 
Design

With an idea of the classes, their relationships and their potential properties/methods, the next phase was to identify and map out exactly how the interactions will take place, in a consistent manner. In order to do this, sequence diagrams were used to effectively draw the class interactions [76], [77].

Sequence diagrams have been drawn for both the application startup and currently identified use cases. The figure below shows the application’s startup sequence. As previously stated, ‘ActivityMain’ is the main host controller and is in charge of creating and implementing any fragments. The fragment encapsulates all of the camera functionality and is in charge of implementing the correct detection strategy. The alternative branches show how frame processing is undertaken by the various strategies, depending on which detection method is selected.
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Figure 42: Full Sequence Diagram (Application Startup)


Within the preceding figure, notice the use of threading within the main camera fragment (‘FragmentOpenCVCamTesting’). Upon creation, the fragment starts a background thread which is used to handle most of the camera frame processing and sampling. This effectively takes all long running processes off the UI thread, speeding up the application and improving its responsiveness.

Upon initialising all its variables, the fragment then proceeds to create the relevant strategies for use as and when required. This task is done once the camera view has been set up and started (via the camera interface callback).
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Figure 43: Full Sequence Diagram (Use Case 001)


The preceding figure shows the sequence diagram for the first use case (switch detection method). The incoming message to the fragment shows how the sequence is started by a view’s onclick callback. From there, the fragment is in control of switching the detection method and continuing the frame processing via the correct strategy.

Below is the sequence diagram for the second use case (gather data sample). Again the sequence is triggered via a view callback, which in turn allows the fragment to begin sampling. During this process, a new data sample (‘ModelDataSample’) is created where processed frames are stored until sampling ends. Once the specified sampling time has been reached, the fragment is in control of packaging and formatting the sample, as well as saving it to persistent storage for later analysis. 
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Figure 44:Full Sequence Diagram (Use Case 002)


The last sequence diagram on the following page shows the implementation of the final use case (checking saved samples). The sequence is triggered upon creation of the new host activity, which is in charge of implementing the file management system. This happens when the user selects the ‘view samples’ button found within the main camera fragment.

The structure of the diagram is very similar to that of the application startup. The host activity creates the new file management fragment, which in turn creates the adapter required to display the file data within an ordered list view. Upon selecting a specific file, the adapter is updated and reused as to provide the user with the new file data within the list.
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Figure 45: Full Sequence Diagram (Use Case 003)


The use of sequence diagrams greatly aids the design and construction phases within many software projects. Developers can also use diagramming techniques such as these to collaborate on designs and solutions effectively without ever having to write code [76], [77], [82].This in turn can save a substantial amount of time and money for the companies running such projects. Using these diagrams within a cyclic design process is also an effective way of getting good designs implemented in a time pressurised environment. This is, providing that the process is broken down into its smallest parts and iterated repeatedly to eliminate as many errors as possible. 
4.8 Software Testing 
Strategy

It is critical that core application components are thoroughly tested, as to ensure the validity of the results they are working to gather. This will be accomplished using a select few techniques, which when used in unison, should eradicate many of the applications errors and flaws.

The first technique is known as black box testing. This is when simple tests are constructed and undertaken without knowledge of the inner workings within the system [83]–[85]. This technique will form the majority of the initial testing phase and will remove most of the major errors. It was selected on the basis of its simplicity and time factors.

The second technique is unit testing, which involves testing each individual part of the system, in its smallest component form[77], [78], [83], [85]. This technique is more critical, time consuming and has the tendency to identify errors that may potentially be missed during an initial black box testing phase. Unit tests can also be constructed alongside individual components and can be updated as and when needed. Their automated nature also makes them a valuable tool when retesting internal changes or fixes.

After completing both phases, many minor errors still may not be identified. The most important outcome to this process is that their numbers are minimal and they do not affect the statistical data required. 


Unit Test 
Results

The unit tests were constructed within the application’s test folder created by Android. These are instrumentation tests, meaning they run on a test device or emulator and have access to all the functionalities, API’s and libraries Android has to offer. However, instrumentation testing runs slightly slower than local unit testing[84]. The main reason for using instrumentation testing is because it is less cumbersome in loading and working with the OpenCV library. 

All of the test harnesses make use of separate testing API known as Espresso [86]. Espresso is a lightweight interface, which allows developers to quickly create clean and concise test code. Espresso also provides the means to create automated UI (User Interface) tests, with a range of functions that can be used to simulate view interaction. 

The following figure shows the test results for many of the harnesses that were created during the development phase. The tests which have been created only cover some of the core aspects of the system’s classes. However, coupled with the black box testing, it can be relatively safe to assume that most of the integral parts of the application are working as intended. 

To re-test the application (select run tests on testing folder), a device or emulator must be plugged in and running. All permissions will need to be manually granted before these tests can be run. This is due to an error in the new permissions rules within Android’s test support library.
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Figure 46: Unit Testing Results (Page 1).
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Figure 47: Unit Testing Results (Page 2).
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Figure 48: Unit Testing Results (Page 3).
Black Box 
Test Results

The black box tests were created relatively early when developing the application. These were then used on a regular basis as to ensure any changes or adjustments did not prevent the application from functioning correctly. These tests are shown in the table below, having been passed as a result of the last phase of testing. It is also important to note that they should constantly be updated and maintained alongside the application as it grows larger. This ensures that the tests are able to effectively catch errors (previously fixed or new ones), despite any changes that may be undertaken within the code base. 



	Activity
	State
	Input
	Expected Output
	Pass/Fail

	View Samples Activity
	No samples saved
	N/A
	Empty list view is displayed
	Pass

	View Samples Activity
	Samples saved
	N/A
	Strategy folders are displayed in the list view
	Pass

	View Samples Activity
	Root Node (Sample Folder)
	Select Strategy Folder
	Samples which implement the selected strategy are displayed in the list (FPS is stored in stat is in the filename)
	Pass

	View Samples Activity
	Strategy Folder
	Select Sample
	All image frames belonging to the sample are displayed in the list.
	Pass

	View Samples Activity
	Sample Folder
	Select Frame
	Full size version of the image is displayed.
	Pass

	View Samples Activity
	Full size image in view
	Select back button
	User is returned to the root directory node (Sample folder)
	Pass

	View Samples Activity
	Any directory in view
	Select back button
	User is returned to the camera activity (Default detection method is reloaded)
	Pass


							
Date of Last Test: 06/04/2018


Table 8: Black Box Tests (View Samples Activity)







	Activity
	State
	Input
	Expected Output
	Pass/Fail

	Main Camera Activity
	On First Load
	N/A
	Permission to take pictures and video is asked
	Pass

	Main Camera Activity
	Picture/Video Permissions
(Initial Load)
	Deny Permission
	Permission is asked again. Constant refection leaves a message on why permissions are needed
	Pass

	Main Camera Activity
	Picture/Video Permissions
(Initial Load)
	Grant Permission
	Camera and Initial detection method is initialised
	Pass

	Main Camera Activity
	Idle
(Default method running)
	Switch Detection Method
	Next detection method is initialised (Linear Progression through the methods)
	Pass

	Main Camera Activity
	No Samples Saved
	View Samples
	Permission to read to storage is asked
	Pass

	Main Camera Activity
	Read Storage Permissions
(View Samples)
	Deny Permission
	Return to Idle
	Pass

	Main Camera Activity
	Read Storage Permissions
(View Samples)
	Grant Permission
	View samples activity is started (Empty list if no samples)
	Pass

	Main Camera Activity
	Idle
(Default method running)
	Save Sample (First time)
	Permission to write to storage is asked
	Pass

	Main Camera Activity
	Write Storage Permissions
(Save Sample)
	Deny Permission
	Detection method continues to run
	Pass

	Main Camera Activity
	Write Storage Permissions
(Save Sample)
	Grant Permission
	Sampling is started, followed by file saving. (Sample is stored to the device’s pictures file)
	Pass

	Main Camera Activity
	Idle
(Default method running)
	Send application to system background and return to it
	Detection method is re-initialised and continued
	Pass

	Main Camera Activity
	Colour Detection Method
	N/A
	Balls should be successfully identified and classified with good accuracy
	Pass

	Main Camera Activity
	Hough Detection Method
	N/A
	Balls should be successfully identified with good accuracy (No Classification)
	Pass

	Main Camera Activity
	Mix Method
	N/A
	Balls should be successfully identified with good accuracy (No Classification)
	Pass


								
Date of Last Test: 12/03/2018


Table 9: Black Box Tests (Main Camera Activity)
4.9 Evaluation of the Software
And Development Process

The development of robust benchmarking software is vital to being able to critically test detection strategies within a real environment, which contains many of the variables which make the task so difficult.

For this project, OpenCV was used to implement many of the core computer vision techniques; a decision which has greatly streamlined the development process. Although OpenCV has been successfully implemented within Android and is working relatively well, it is still under performing because of the inherent recompiling into its native code (C++). The performance of OpenCV, and therefore, the overall application performance could be improved by using Android’s native development kit (NDK). This would enable the OpenCV related features to be written using native code, which would be more efficiently translated using the Java Native Interface (JNI). This is something that would be further investigated during a future iteration. 

The requirements, features and use cases which have currently been identified and implemented are satisfactory, in order to begin to gather data on a number of techniques. Elements of the current architecture, such as the implementation of the strategy design pattern, are greatly effective when realising efficient method testing. However, improvements could potentially be made in the management of the OpenCV library and the computationally expensive sampling process. The current background thread handles the sampling effectively. However, the OpenCV initialisation does not seem to push to thread correctly, as approximately 60 frames on the UI thread can be skipped upon startup of the application. This also causes an intermittent fault resulting in the camera output not loading correctly. 

The holistic testing procedure is relatively robust with unit testing being used to test low level, minimised chunks of the system, and black box testing being used to visually test the features. However, there are some aspects that could again be improved on. The development of the unit tests were on an ad-hoc basis. Identifying and implementing a more structured approach for developing unit tests could prove to be beneficial to the application. There may also be ground for using a more test driven approach when developing the next iteration of the system. 

The development process as a whole was relatively efficient with the use of software engineering based tools, extracted from the Unified Process (UP). 

5.0	Case Study: Snooker Ball Detection Using
                               An Android Device

The chapter discusses the study undertaken to investigate the practical aspects of billiard ball detection in real time. The process involved isolating a relatively large size playing surface and setting up camera equipment to gather the sample data, required to develop a working system. Using the relevant data, a range of detection methods can be individually tested for suitability, within a real world environment with dynamic variables. 


5.1	Hardware and Equipment Setup

The case setup consists of a medium size billiard table measuring 7’ by 4’ approximately. There will eventually be a total of 17 balls; 10 reds, a yellow, a green, a brown, a blue, a pink, a black and a white. However, for the purpose of this study, only the white, yellow and a single red have been selected for testing. The table baize is royal blue in colour. The lighting conditions are relatively constant with two major lighting variations. During the daytime, natural lighting is used.  During night hours, the table is lit using bulbs emitting wavelengths measuring 6500 Kelvin, meaning artificial lighting is as close as possible to its daylight natural counterpart.
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Figure 49: Case Setup (Perspective)


The application requires constant interfacing with the external camera and will also need significant resources to be able to compute digital image data on a frame by frame basis. To simplify this approach, a HTC One M8 running the Android operating system was selected for this case setup. There are a variety of advantages for doing this.

· Minimises hardware setup and complexity.
· Android SDK provides all the necessary camera functions.
· Minimises compatibility issues.
· Limits the financial impact of carrying out these tests.
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Figure 50: Case Setup (Frame View)
















5.2	Testing 
Parameters

The main parameter when testing detection methods is accuracy, which is tested by visually analysing individual frames for positive, false positive and negative detections. For clarification, a positive detection is counted if the bounding circle is touching its correct ball in any way. False positives are counted when the bounding circle is not touching the ball. Negatives are counted when there is no bounding circle at all.

A secondary parameter will be performance, where the number of frames being processed per second will be analysed. Data samples will consist of 10 seconds of random play and can be continuously gathered at any point in a match. This makes calculating a rough FPS figure relatively simple.

The decision was taken to try and gather as many samples as possible rather than test using a select few. The reason for this is because there is a number of variables present within a snooker match. By using fewer samples, many occurrences and phenomena could potentially be missed. Using a large amount of samples could effectively produce a better understanding of which techniques are working well.


5.3	Chosen Detection 
Strategies

Within this study, three methods of detecting the billiard balls have been selected and developed, for critical testing using the test application. The core procedure that each method undertakes consists of a pre-processing phase (if required), post-processing phase (if required) and the actual detection of the object. Both the pre and post processing can be used as and when required as they mainly serve to refine inputs/outputs, ultimately improving the accuracy/performance of the strategies.

Standard Colour 
Thresholding

The first and simplest strategy is the standard colour thresholding approach. Here the white, red and yellow balls are individually thresholded based on their respective HSV (Hue, Saturation and Value) values.

The preprocessing phase consists of a small Gaussian blur, to remove much of the noise that comes with the camera input. Then the thresholding can take place where the resultant image is a binary mask representing the correct ball. 

Post-processing consists of a morphological dilation, which is used to fill in any small holes within the binary mask. Finally, the binary mask is used to mark the ball positions on the original input image. This was accomplished using the mask’s Image Moments gathered using OpenCV. Moments are mathematical equations or averages that can be used to describe image pixels [10], [17], [33]. 
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Figure 51: Colour Thresholding Strategy.


The reason for choosing this method is mainly due to its simplicity to implement. Colour thresholding is relatively simple to understand and when used correctly within the right environments, can be used to achieve highly accurate detection of many real world objects.


Circular Hough 
Transform

The second strategy was a basic circular Hough transform, capable of detecting all the balls based solely on their contours. The strategy was selected for testing as it has proved to be a successful detection technique throughout many literatures [43], [44], [51], [58]. This warrants an initial test within this environment to see if it can perform here. For this implementation, the input image would be an 8bit grayscale (the common input for a Hough function).
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Figure 52: Hough Transform Strategy.


Preprocessing consists of both dilation and Gaussian blur, with the sole purpose of removing some of the shadowing that is present underneath and around the ball areas. These shadows throw the Hough voting system off and decreasing their presence improves the method’s accuracy. 

Post-processing is undertaken on the grayscale image before it is fed into the Hough circles function. Here, another small Gaussian blur is used to remove any final noise that may be present within the grayscale. 

Once the Hough circles accumulation has been completed, the detected circles are then drawn on the original input, using the parameters present within the accumulation array. It is important to note the parameters taken in by the Hough function. The most important is the threshold value for its edge detection (canny solution is used). This value had undergone a number of tweaks as to get it performing and detecting the circles as required. However, upon developing the method, there seemed to be a problem in detecting the three colours simultaneously using a single set of processing instructions. This warranted the decision to simply get as many of the balls working as effectively as possible.


Mixed Method

The final strategy consists of a mixture of both colour thresholding and circular Hough transform. The reason for testing a mixture of both previous methods is to try and come to a conclusion on whether greater accuracy can be gained, without having too much of an impact on performance. Colour thresholding could also be used as a more efficient pre-processing step for the Hough transform, meaning it could potentially produce better results than the straight grayscale implementation used previously.
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Figure 53: Mixed Strategy.


For this strategy, the pre-processing consisted of a general, colour based threshold used to segment all the ball areas from the background (playing surface). This resulted in a binary mask which was then smoothed using a median blur. This type of blur is most effective at removing speckled salt and pepper noise as previously stated.

Once a good mask has been obtained, it is used as an input for the Hough circles function, rather than using the whole grayscale used in the previous strategy. Note there is currently no post-processing within this strategy. This is because it is currently not needed, as decent accuracy is already being achieved visually. Adding the extra process only increases the computation time and hinders performance.  


5.4	Evaluation of Results

Approximately 7000 frames where processed and analysed during testing, with over 14,000 positive detections being made. For each ball (red, white and yellow), detections were individually counted, ultimately, resulting in their own accuracy figures. This gives a more detailed analysis into how the varying types of balls impact the strategies being used. 





Figure 54: Total Number of Processed Frames.


The following figure shows an example of an individual sample frame. As previously stated, a sample contains a number of frames which were counted and analysed for positive, false positive and negative detections. To clarify, a positive is when a detected ball is actually there. A false positive is when a detected ball is not there. A negative is a ball with no detection at all. Using these detection statistics, figures can be calculated as to give an indication of the relative accuracy of each detection strategy. The formula for accuracy is shown below.



Figure 55: Formula for accuracy.
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Figure 56: Sample Frame (HSV Thresholding Strategy).





Figure 57: Total Number of Detections.
Figure 54 shows a breakdown of detections for each of the three balls used in the study. The number of false positives measured zero across all balls and strategies. This was essentially due to the pre and post processing techniques being used to improve extraction. As more techniques are used to narrow down to our correct region of interest, the number of false positives detected should decrease. However, there is a link between this and the number of negative detections. In the pursuit of eliminating false positives, parameters can be over adjusted, ultimately, increasing the chance of the actual ball being rejected. Adjusting the parameters again could eliminate the negative detections. However, the risk of getting a false positive also increases. The key is finding the correct balance in the processing parameters, as to reduce both false positive and negative detections simultaneously. 





Figure 58: Average Accuracy.


Hough Transform Strategy

Figure 56 clearly shows the accuracy of each ball under the various chosen detection strategies. Using a basic Hough transform, only the white and yellow balls were sufficiently being detected with accuracy figures of 57.8% and 53.1% respectively, while the red ball had an accuracy of 0%. The reason for the red not being detected is again in the processing. In order to detect both white and yellow simultaneously, extra processing such as morphological dilation and smoothing have been used to get usable results. 

However, this processing also affects how the red is detected when using the Hough transform. This is essentially due to the similarities between the red ball and the playing surface (blue baize).When converted to grayscale (the input for the basic Hough implementation), the red ball seemed to have a similar intensity value to that of the blue baize, ultimately resulting in the contours being lost. This meant that the Hough accumulator failed to match any points to that of a circle. The grayscale input for the basic Hough strategy can be seen in the following figure (Figure 56). Both the yellow and white balls are clearly distinguishable compared to the red. The shadowing around the red ball also seems to be slightly more intense and definitely contributes to the invalid Hough results. This is known because the pre and post processing techniques selected were specifically implemented to combat the shadowing
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Figure 59: Basic Hough Input (Grayscale).


The parameters could potentially be adjusted to detect the reds. However, detection of both yellow and white will again be affected, resulting in a worse result overall. This essentially makes the use of a straight basic Hough transform not practical due to its inability to detect the range of balls with minimal pre and post processing. An explanation for it not working would possibly lie in the lighting conditions. Although bright, the lighting within the environment is relatively uneven, resulting in a range of shadowing, shading and intensities within the frames. The processing to combat these issues was also the main cause for the reds not being detected. Therefore, bringing in more evenly distributed lighting, that minimises the issues from the beginning, may enable a straight Hough transform to work correctly.  

Figure 57 also shows the computational performance of the strategies. Taking a look at the basic Hough implementation, it clearly indicates to be the worst performing strategy, with both the thresholding and mixed methods proving to be approximately twice as fast. The reason is due to the amount of processing required to gain sufficient accuracy, further supporting an argument for not using the approach.





Figure 60: Average Frames per Second.


Colour Thresholding Strategy

The next strategy under testing was the colour thresholding method. This implementation produced better accuracy figures of around 60%-65% for all of the three balls. A look at its performance shows it to be considerably faster than the Hough transform, whilst also performing automatic classification of each ball. This makes the threshing method considerably more efficient than a straight Hough transform. 

When developing the colour thresholding method, the same pre and post processing techniques were used for all balls. However, thresholding using colour can be a tricky process, with environmental factors such as lighting playing a huge role. This means that the processing techniques used to improve one type of ball, may not be best suited when detecting another. This also means that these accuracy figures could potentially be improved by decomposing the strategy and implementing separate processing for each type of ball. However, this could potentially slow the implementation down, again, making a good balance of processing essential.


Mixed Method Strategy

The final strategy was the mixed method which used both the Hough and colour thresholding in unison. The accuracy figures were slightly less than the colour thresholding method. However, the mixed method produced some of the best detection figures for the red ball. The mixed method was also the best performing strategy, processing around 12 frames per second (FPS) as shown in figure 56.  

The performance of the mixed method immediately drew attention to the validity of the data. The question being asked; why is the Hough method so slow, yet it could be used alongside another method and still be faster? This was again due to the pre and post processing. In the mixed method, minimal processing was required for the Hough accumulator to work properly whilst the straight Hough transform required considerably more processing, the reason for the decreased performance.    


Statistical Analysis

The data gathered from the samples was tested using an Analysis of Variance (ANOVA). Performing this kind of test would ultimately provide a quantifiable measure as to whether or not the sample data shows any statistically significant variations. This would support and validate the initial findings shown above. As with all ANOVA tests, the fundamental principle is to use the results to make a decision as whether to accept a null hypothesis (no significant difference), or reject it in favor of an alternative one.

For the sample data gathered, five relevant ANOVA tests were identified and implemented using a standard alpha value of 0.05. The first ANOVA test was structured primarily to measure the positive detections between strategies. The results are shown in the following table (Table 10). The test was a two-factor ANOVA measuring the three strategies (Hough, thresholding and mixed), against the three coloured balls (red, white and yellow). The null hypothesis, as with all tests, states that there is no difference between the three strategies and ball colours. The alternative is that there is a significant difference.

The decision statements for this particular test can be structured as followed. Note there is a decision statement for each source of variation, including the interaction.





Figure 61:ANOVA Decision Statement.









































	Anova: Two-Factor With Replication
	
	
	
	

	
	
	
	
	

	SUMMARY
	Hough Transform
	Colour Thresholding
	Mixed Method
	Total

	Red
	 
	 
	 
	 

	Count
	30
	30
	30
	90

	Sum
	0
	2061
	2246
	4307

	Average
	0
	68.7
	74.86666667
	47.85555556

	Variance
	0
	87.80344828
	58.32643678
	1211.967665

	
	
	
	
	

	White
	 
	 
	 
	 

	Count
	30
	30
	30
	90

	Sum
	911
	2102
	2169
	5182

	Average
	30.36666667
	70.06666667
	72.3
	57.57777778

	Variance
	16.37816092
	94.82298851
	250.4241379
	493.0556804

	
	
	
	
	

	Yellow
	 
	 
	 
	 

	Count
	30
	30
	30
	90

	Sum
	839
	2138
	2252
	5229

	Average
	27.96666667
	71.26666667
	75.06666667
	58.1

	Variance
	53.55057471
	93.85747126
	54.54712644
	527.3494382

	
	
	
	
	

	Total
	 
	 
	 
	 

	Count
	90
	90
	90
	

	Sum
	1750
	6301
	6667
	

	Average
	19.44444444
	70.01111111
	74.07777778
	

	Variance
	214.9238452
	91.20212235
	119.9826467
	




	ANOVA Results
	
	
	
	
	
	

	Source of Variation
	SS
	df
	MS
	F
	P-value
	F crit

	Sample
	5992.288889
	2
	2996.144444
	37.99479632
	3.29332E-15
	3.03038162

	Columns
	166749.8
	2
	83374.9
	1057.296269
	6.8131E-126
	3.03038162

	Interaction
	11349.77778
	4
	2837.444444
	35.98228515
	6.08508E-24
	2.406229412

	Within
	20581.6
	261
	78.85670498
	
	
	

	
	
	
	
	
	
	

	Total
	204673.4667
	269
	 
	 
	 
	 

	
	
	
	
	
	
	



Table 10:Two-Factor ANOVA Test (Positive Detections).


Looking at the results for the column variation (variation between strategies), the F value is substantially larger than the F critical measure. On the basis of the decision statement, this means it can be relatively safe to reject the null hypothesis, essentially indicating a statistically significant variation between the three strategies. This was the same for the sample variation (ball colour), however, the difference is substantially smaller. Nevertheless, the null hypothesis is still rejected, meaning there is also a significant variation between the ball colours. This could only mean that certain coloured balls do in fact perform better under certain strategies. This assumption is only made stronger when considering that the results also indicate a firm interaction between samples and columns. 

The next ANOVA test was structured in the same way as the previous one. However, this time it is the negative detections being tested. The results are shown in table 11.

Looking at the column variation, the F value again passes the decision statement which allows for the null hypothesis to be rejected. This is also the same for the sample variation. This essentially means that there is again a statistically significant difference between the three strategies and the three ball colours. The interaction F value also passes the decision statement, meaning there is again a clear interaction between the ball colours and the strategies they are being implemented in.

The results from the previous two tests show that there is a definitive variation within the data. However, this was relatively obvious in relation to the basic Hough method and the other two. However, the variation between the colour thresholding strategy and the mixed method strategy is considerably less clear. To try and analyse these two methods further, a third ANOVA was structured to isolate the two strategies and measure the positive detection again. These results can be seen in table 12.

Taking a look at the figures, the F value for the column variation again passes the decision statement, though the difference is substantially smaller than previous results. This means there is a significant difference between the colour thresholding and mixed method strategy. However, the figures for both the sample variation and interaction now fail the statement. The null hypothesis must be accepted meaning that when using either colour thresholding or the mixed method, there is no significant difference between the ball colours; meaning both strategies are significantly more robust in detecting the variations of balls. The absence of interaction also means that the ball colours are independent from the strategies, again indicating that the two methods are robust in detecting the range of ball colours required consistently. 





	Anova: Two-Factor With Replication
	
	
	
	

	SUMMARY
	Hough Transform
	Colour Thresholding
	Mixed Method
	Total

	Red
	 
	 
	 
	 

	Count
	30
	30
	30
	90

	Sum
	1578
	1211
	1257
	4046

	Average
	52.6
	40.36666667
	41.9
	44.95555556

	Variance
	36.73103448
	19.55057471
	58.09310345
	67.21148564

	
	
	
	
	

	White
	 
	 
	 
	 

	Count
	30
	30
	30
	90

	Sum
	667
	1170
	1334
	3171

	Average
	22.23333333
	39
	44.46666667
	35.23333333

	Variance
	12.18505747
	19.65517241
	225.7057471
	174.405618

	
	
	
	
	

	Yellow
	 
	 
	 
	 

	Count
	30
	30
	30
	90

	Sum
	739
	1134
	1251
	3124

	Average
	24.63333333
	37.8
	41.7
	34.71111111

	Variance
	48.24022989
	18.51034483
	29.94137931
	85.42122347

	
	
	
	
	

	Total
	 
	 
	 
	 

	Count
	90
	90
	90
	

	Sum
	2984
	3515
	3842
	

	Average
	33.15555556
	39.05555556
	42.68888889
	

	Variance
	223.7957553
	19.91822722
	103.8347066
	





	ANOVA Results
	
	
	
	
	
	

	Source of Variation
	SS
	df
	MS
	F
	P-value
	F crit

	Sample
	5992.288889
	2
	2996.144444
	57.54283493
	1.97998E-21
	3.03038162

	Columns
	4166.866667
	2
	2083.433333
	40.01364507
	6.95992E-16
	3.03038162

	Interaction
	11349.77778
	4
	2837.444444
	54.4949018
	2.35058E-33
	2.406229412

	Within
	13589.76667
	261
	52.06807152
	
	
	

	
	
	
	
	
	
	

	Total
	35098.7
	269
	 
	 
	 
	 




Table 11:Two-Factor ANOVA Test (Negative Detections).








	Anova: Two-Factor With Replication
	
	
	

	
	
	
	

	SUMMARY
	Colour Thresholding
	Mixed Method
	Total

	Red
	 
	 
	 

	Count
	30
	30
	60

	Sum
	2061
	2246
	4307

	Average
	68.7
	74.86666667
	71.78333333

	Variance
	87.80344828
	58.32643678
	81.49463277

	
	
	
	

	White
	 
	 
	 

	Count
	30
	30
	60

	Sum
	2102
	2169
	4271

	Average
	70.06666667
	72.3
	71.18333333

	Variance
	94.82298851
	250.4241379
	170.9658192

	
	
	
	

	Yellow
	 
	 
	 

	Count
	30
	30
	60

	Sum
	2138
	2252
	4390

	Average
	71.26666667
	75.06666667
	73.16666667

	Variance
	93.85747126
	54.54712644
	76.61581921

	
	
	
	

	Total
	 
	 
	 

	Count
	90
	90
	

	Sum
	6301
	6667
	

	Average
	70.01111111
	74.07777778
	

	Variance
	91.20212235
	119.9826467
	




	ANOVA Results
	
	
	
	
	
	

	Source of Variation
	SS
	df
	MS
	F
	P-value
	F crit

	Sample
	124.1444444
	2
	62.07222222
	0.582125725
	0.559793766
	3.047906481

	Columns
	744.2
	1
	744.2
	6.979256571
	0.008997373
	3.895457742

	Interaction
	117.6333333
	2
	58.81666667
	0.551594474
	0.577034496
	3.047906481

	Within
	18553.66667
	174
	106.6302682
	
	
	

	
	
	
	
	
	
	

	Total
	19539.64444
	179
	 
	 
	 
	 




Table 12: Two-Factor ANOVA Test (Positive Detections – Thresholding & Mixed Method Only).






The final two tests were structured to measure the variation of frames per second (FPS) between the detection strategies. The first (Table 13) was a single factor ANOVA to test the three methods together. For the second test, the Hough implementation was removed to check variation between colour thresholding and the mixed method.

The result from the first test shows that there is a significant variation in performance between the three strategies. When removing the Hough strategy, the F value again passes the decision statement as shown in table 14. This means that there is still a statistical variation between the colour thresholding and mixed methods. 


	Groups
	Count
	Sum
	Average
	Variance

	Hough Transform
	30
	157.8
	5.26
	0.361103

	Colour Thresholding
	30
	326.99
	10.89966667
	1.072693

	Mixed Method
	30
	350.7
	11.69
	0.411966




	ANOVA Results
	
	
	
	
	

	Source of Variation
	SS
	df
	MS
	F
	P-value
	F crit

	Between Groups
	737.7536689
	2
	368.8768344
	599.5521
	1.30489E-51
	3.101295757

	Within Groups
	53.52709667
	87
	0.615253985
	
	
	

	
	
	
	
	
	
	

	Total
	791.2807656
	89
	 
	 
	 
	 




Table 13: Single Factor ANOVA Test (FPS).


	
	
	
	
	

	Groups
	Count
	Sum
	Average
	Variance

	Colour Thresholding
	30
	326.99
	10.89967
	1.072692989

	Mixed Method
	30
	350.7
	11.69
	0.411965517




	ANOVA Results
	
	
	
	
	
	

	Source of Variation
	SS
	df
	MS
	F
	P-value
	F crit

	Between Groups
	9.369401667
	1
	9.369402
	12.62162528
	0.000765359
	4.006872822

	Within Groups
	43.05509667
	58
	0.742329
	
	
	

	
	
	
	
	
	
	

	Total
	52.42449833
	59
	 
	 
	 
	 




Table 14: Single Factor ANOVA Test (FPS – Thresholding & Mixed Method Only).


Overall, the results from the ANOVA tests show the data to be relatively valid and significant. In taking all data into account, the most viable option would be to go with a mix of colour thresholding and Hough accumulation (mixed method). The reason for concluding on this method is because it has the ability to obtain a larger range of balls more efficiently than colour thresholding alone. The larger threshold range that the mixed method uses is less susceptible to lighting changes, giving more consistent detections across ball types. Using a more generalised threshold also greatly simplifies the process, eliminating the need to identify individual values. The 8bit binary that is fed to the Hough function also enables it to run more efficiently, providing that any pre morphological operations are kept to a minimum. These are all factors which do not get taken into account when performing statistical analysis.


5.6	Key Findings and 
Information Gathered

Upon investigating and implementing many of the techniques and theories discussed within the project, a number of key findings have been identified, outlined and documented. This will ensure the information is available for any future iterations or phases of the work.

The chosen detection strategies performed relatively accurately in comparison to other implementations within this domain. However, the performance will most likely be reduced due to the limited resources on the mobile device. After proceeding to implement a colour based thresholding strategy, it is relatively safe to assume that the method can be highly effective, providing it is being used within a suitable environment. When the contrast between object and background is high, colour based segmentation works incredibly well. However, within a snooker environment, not all balls can be extracted as simply as you may think. This is made even more difficult when you consider the variation of lighting, table/equipment condition, baize colour etc. 

The condition of the balls also plays a role when trying to detect features such as the specula reflection, a method discussed within the literature. A new set of balls reflects the dot really well. However, over time they start to deteriorate, without consistent cleaning maintenance. The balls used within this environment, could not be extracted consistently across the red, yellow and white. 

The use of contours can also be heavily dependent on the environmental factors. The basic Hough transform required a considerable amount of processing to eliminate issues such as shadowing and low contrast. The reason was ultimately down to how the table setup looked in 8bit grayscale, which was required as an input to the Hough function. Within this colour space, many of the balls began to blend into the background, whilst shadowing around the balls would disrupt the contour estimation.
The problems with a basic Hough implementation were eliminated when electing to try a mixed method. However, because the use of colour was at the core of the strategy, all of the problems that came with that would now also need to be considered. This did seem to be worth it in relation to the results gathered from the strategy. In fact, it can be safe to assume that a mix of detection techniques will almost certainly be required to develop a full working implementation.

It is also worth noting that none of these proposed solutions can handle full occlusion of the balls. That is not to say that they are not capable of doing so. The easiest but more expensive option would be to add more cameras, as to cover and pick up more of what is going on. However, a better option would be to simply implement a tracker, which would also provide a range of other benefits to the system (improved accuracy etc.).

It must be stated that due to the nature of billiard sports, a mobile camera and indeed any common camera may simply be too slow. Upon carrying out an experiment, it has been identified that in order to gain millimeter precision detection on a frame by frame basis, you would need a camera that could gather approximately 6000 frames per second. This is because of the incredibly high speeds the balls can travel at. 


	Attempt
	Time to Cover Distance of 1485mm (Seconds)

	1
	0.15

	2
	0.26

	3
	0.28

	4
	0.17

	5
	0.33

	6
	0.30

	7
	0.21

	8
	0.38

	9
	0.17

	10
	0.21

	Average
	0.246



Table 15: Ball Speed Testing
The figure was generated using a simple speed test where the results are outlined in the preceding table. From these figures, it was determined that on average a ball can travel at an estimated 6 meters per second. To be able to physically capture the ball with centimeter precision, a camera would need to be running at approximately 600 FPS (frames per second).































6.0	Conclusions and Recommendations

The following section will aim to bring the whole project to a close, successfully bringing all findings together and concluding them in a clear and concise manner. It will also look to address any future phases of the project, as well as discuss any potential within other areas of computer vision and image processing.


6.1	Conclusions

This project originally set out to investigate possible detection methods which could be implemented within a low budget billiard ball tracking system. The first objective identified to achieve this aim was to investigate possible strategies which could potentially, or have already previously been implemented within a billiard environment.

The simplest strategy was a background segmentation method, specifically colour based thresholding of the pixel values. The next possible method was to use contour estimation, specifically a feature selector known as the Hough transform. These methods, along with a few variations of them, were identified within already working solutions.  

Once some possible methods had been identified, the next objective was to investigate the procedures required to improve detection accuracy and performance. Some of the most prominent techniques included image morphology, pyramiding and smoothing. These were widely used within billiard related solutions and the analysis and implementation of them greatly improved many of the detection strategies. 

With the necessary theory, the last objective was to implement some of these methods as to try and propose some possible detection strategies, capable of working within a set environment. To achieve this, a piece of benchmarking software was developed for the Android architecture, which was capable of gathering test samples for as many techniques as possible. These were then analysed as to gather an insight into how the methods are performing. To speed up this phase of the project, OpenCV was implemented to carry out many of the computer vision and image processing functions.

Using this software, a case study was undertaken to put three particular detection methods to the test within a real world environment. The methods selected included a colour based threshold, a straight basic Hough transform and a mixture of both techniques. Upon critically analysing the methods via the case study, using a multitude of samples, it was determined that a mixture of thresholding and contour estimation was providing an accuracy of 64% and ran at around 12 frames per second (FPS); the best of the three.


6.2	Recommendations

Based on all findings, a number of recommendations have been identified and documented below. These recommendations could potentially aid future phases of the project, as well as aid anyone else also wishing to research the detection aspects of billiard ball tracking.

1. The detection methods used here are the simplest and most prominent within studies relating to billiard sports. However, there are more advanced methods proven to work in other domains which could also be suitable. 

2. Do not think about detecting just the balls. There are also other ways of doing this such as detecting the playing surface, getting a convex hull from it and declaring the missing regions as the balls.

3. The environmental factors such as lighting conditions, equipment condition, playing surface will have a substantial effect on any methods being developed. Building a stable test area where these conditions can be controlled will be hugely beneficial, allowing for fixed and adaptive methods to be developed and tested easily.  

4. The camera and processing equipment will need to be considered at the beginning of the project. High speed cameras can gather more frames but will not be beneficial if the processing unit cannot keep up. The choices made here will more than likely have an effect on how any detection, tracking and classification methods are developed.   

5. Analysing the sample data manually will be a long tedious process, where concentration is needed at all times. It would be beneficial to investigate ways of automating this process. At the very least, multiple counters will be needed to get a significant number of samples in the data set.



6.3	Future Phases 
Of The Project

Now that many aspects of the project are in place (environment, benchmarking software etc.), it may beneficial to test as many different detection methods as possible as there may be one that can perform even better. Building, sampling and analysing a new detection strategy should now be a relatively straightforward and quick process.

Once a strong detection strategy has been established, the next phase is to move on to find a suitable tracker, capable of taking over from the detection method. This means that the selected detection method will be used to feed the tracker and the tracker will then take over the detection of the balls. If the tracker was to fail, it would simply be re-seeded using the chosen detection strategy.  

It would then be beneficial to investigate the hardware setup further. Finding better performing camera equipment, along with trying a number of different camera angles could potentially improve the system’s capabilities. This would in turn require an investigation into the efficiency and performance of any software. Stepping away from Java and developing using native C++ would be a good initial step in that direction.

Once the detection and tracking aspects of the system are complete, the research can move on to actually recognising what is happening during play. Some initial ideas for doing this is to develop some sort of neural network capable of making a judgment on what has happened during every shot. This is an incredibly hard process because the number of phenomena that could potentially happen is substantially large. 

Some phenomena would be easier to recognise than others. For example, if a ball was to disappear for a finite number of frames, it would be relatively safe to assume that a pot has occurred. However, safety shots on the other hand are harder to recognise as the formation of balls would need to be considered. Some initial thoughts of getting this to work is to create a dictionary of good and bad formations, and having the network recognise these formations much like an OCR (Optical Character Recognition) approach. 

These future phases of the project are significantly harder than what has been researched here. However, should they be accomplished, the realisation of a fully automated match of snooker would certainly become closer than ever before.

7.0	Review and Reflection

This section will review and reflect upon the decisions, practices and procedures undertaken throughout the project. Its main aim is to highlight what was good about the project and what needs improving should it be done again.


7.1	Learning 
Progression

Before taking on this project, my knowledge of image processing and computer vision was fairly basic. Most of the theory I was discovering was from ‘Mastering OpenCV Android Application Programming’ by Kapur and Thakkar, which I had received a year prior. Looking back now, my knowledge in the fields has definitely improved which has ultimately been down to the choice of project.

The reason for choosing billiard detection was because I was initially apprehensive about taking on a project in computer vision, mainly because I knew how complex the subject can become. The best way I learn complex subjects, is to put them to use within my own domains. I find that understanding the domain problems fully gives you a better chance of learning the solutions to fix them. This is something I have always done, which is why most of my projects are based on snooker, cars/mechanics or children’s learning.

I find I now have a good grasp on many of the core image processing and computer vision operations. I can also better understand much of the documentation, studies and literature, something I found quite difficult a couple of years ago. I feel I can now continue to learn within the field, strengthening my knowledge further.  


7.2	Areas Subject
To Improvement

Although many aspects of the project have been undertaken relatively well, there are select few areas that in hindsight could have been improved on slightly. The first improvement is within the research methodologies, where more of an effort could have been made to find well documented, interconnected techniques, rather than incorporating self developed testing procedures. It is also important to further investigate more advanced testing parameters, as well as implementing techniques within more challenging environments.

A substantial improvement could also have been made within the strategies themselves. More work needs to be done in developing strategies that are robust to common issues such as lighting variance and occlusion. Strategies need to be extended to include more coloured balls, such as brown, black and pink. They could also include striped American pool balls. The current strategies which have been tested are capable of doing this. However, more processing will need to be added, ultimately, making the strategies more complex and intensive.

The unit testing could benefit from some improvement by finding better ways of testing some of the visual aspects of the functions. The entire testing and analysis of strategies could potentially be automated, which would take away the difficult sample counting process. However, could prove to be substantially difficult to implement and would likely turn into a research project in itself.


7.3	Strong Aspects
Of The Project

One of the strongest aspects of the project is the depth of literature. The ability to investigate and begin to grasp relatively complex ideas has definitely been a core strength.

There was also a good understanding of the various methods of implementing computer vision techniques efficiently. Being able to quickly integrate OpenCV within Android and work with it using an already known architecture was a good decision by all accounts.

The process for gathering and analysing the methods was also well done, even though manually counting the samples was a particularly long and difficult process. Now that much of the work has been carried out, further testing using new strategies would be a much more streamlined process. 

Overall, the project was carried out to a good standard and has definitely identified a number of key aspects when developing this type of system. It has accomplished what it has set out to do and has provided a solid foundation for making real time billiard tracking a common place sports system.
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