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[bookmark: _Toc113480578]1. Introduction
Computer vision and deep learning supplies new forms of technology that expand to multiple tasks for efficient automation. It is this automation that jointly provides modern solutions to augment human abilities for intelligent systems developed by deep learning algorithms and other vision related techniques.
This study aims to identify the separable components of such a system. Performance of an object detection model trained with synthetic data and its capacity to transfer to real-world examples is investigated to explore the challenges and viability of using synthetic data to train a human head object detection model. 
Further research towards the effectiveness of distance approximation using similar triangles method and its performance of estimating depth from a single image is also assessed. Both individual areas of research collectively form a detection and distance estimation system with the intention of enhancing lifeguarding supervision of humans in large bodies of water.
[bookmark: _Toc113480579]1.1. Project Rationale
The mortality rate of drowning sees an increase year to year with WHO (World Health Organization) reporting an estimated 236,000 annual drowning deaths worldwide in 2019, placing drowning as the 3rd leading cause of injury and or death worldwide that year [1]. Multiple non-profit agencies across the globe which support the prevention of drowning believe it to be an avoidable circumstance when the correct measures are enforced. 
The RNLI (Royal National Lifeboat Institution), an organisation which responds to rescues at sea, reported over 100,000 rescue calls (see Figure 1 - RNLI rescue calls between 2018-2020) across England and Wales between 2018 and 2020 [2].
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[bookmark: _Ref105827725][bookmark: _Toc111821401][bookmark: _Toc113480679]Figure 1 - RNLI rescue calls between 2018-2020 [2]
Rapid response times are paramount to the prevention of drowning, with common measures in place, such as lifeguard units. Leveraging deep learning and computer vision to develop an automated solution which aids in the supervision managed at lifeguard units could positively impact the prevention of drowning, increasing response times for quicker action when saving lives.
[bookmark: _Toc113480580]1.2. Project Aim
The aim of the project is as follows:
Research and develop two solutions for the production of both synthetic data for object detection and distance estimation from a single image.
[bookmark: _Toc113480581]1.3. Project Objectives
The project objectives consist of multiple primary targets which altogether form a roadmap from research to development and final project evaluation:
i. Critically evaluate the relevant literature for both areas of research to gain further knowledge in the joint fields.
ii. Enforce a set of methodologies to employ a framework which governs project growth and assessment of project evaluation.
iii. Design two suitable solutions motivated by research findings and project context to test the projects aim.
iv. Analyse and evaluate the results of both developed solutions to validate the projects aim with respect to current literature and research methodologies.
v. Reflect on the projects outcome to assess successes and or failures with any future work that can be applied for improvement.

[bookmark: _Toc113480582]1.4. Project Context
Surveillance is a crucial part of preventing the occurrence of drowning, with lifeguards performing attentive observations to mitigate potential dangers. Many studies have been conducted on the task of lifeguarding to improve its effectiveness such as perceptual challenges [3], visual scanning and attention methods [4], [5], and assessment of critical events [6]. 
Organisations such as the RLSS (Royal Lifesaving Society) and American Red Cross have published lifeguarding manuals [7], [8] which align to recognized training programmes that result in compulsory qualifications obtained after completion. Both manuals categorise the behaviours of swimmers who are at risk of drowning into three distinct groups, distressed swimmers, active drowning victims, and passive drowning victims. Each category describes the different behaviours that classify various attributes which should be recognized by lifeguards (see Figure 40).
A common theme amongst these studies and publications shows a heavy reliance on a lifeguard’s skill of attention and action; meaning the attention of detecting a potential drowning person, and action to executing a safety strategy which prevents further danger.
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[bookmark: _Ref112025786][bookmark: _Ref105866912][bookmark: _Toc111821402][bookmark: _Toc113480680]Figure 2 - RNLI lifeguard units across England & Wales [9]
Other factors which adversely affect the task of lifeguarding relate to the environment in which lifeguarding activities take place. Controlled environments such as public swimming pools show lower incidents of drowning in comparison to larger outdoor swimming environments [10]. Inland areas such as public beaches and coastlines pose the biggest challenge for lifeguards as areas are less confined and produce more potential environmental hazards.
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[bookmark: _Toc111821403][bookmark: _Toc113480681]Figure 3 - Recorded drowning cases by drowning outcome (WAID database) [10, Fig. 3a-b]
Common indicators which display active lifeguarding in force are observation points and warning flags (see Figure 2). Warning flags are colour coded and routinely show the public safe swimming spots to avoid rip tides and minimize the observed area for more controlled lifeguard patrols.
Whilst existing measures have success in the prevention of drowning, further action can be taken to improve the effectiveness of lifeguarding in both indoor and outdoor environments. Detection of humans in large bodies of water and approximation of their distance can be leveraged to provide an automated solution which aids in the visual scanning and attention methods lifeguards perform on duty, providing quicker response times with valuable information which can assist in the prevention of drowning.
[bookmark: _Toc113480583]1.5. Research Area
With respect to the projects context, separation of the underlying components for a detection and distance estimation system forms the branching areas of research. The goal of the project is to develop and test the individual parts of the above system. With the advances made in object detection, systems with the capacity to detect objects have matured through research findings, exploration on the task of data collection has led to the development of many large-scale datasets that take a significant portion of research effort, synthetic data offers promise in collecting arbitrary data for a multitude of deep learning and vision-related tasks. This area of research is investigated as part of this project where development of a synthetic dataset tied to the problem domain of the project is researched, developed and evaluated.
Further work towards the research and development of testing a low-cost distance estimation method capable of approximating distance of objects from a single image also forms the basis for evaluating distance estimation strategies aligned to the project’s context. The main goal is to research an approach for distance approximation which is reliable and efficient, having the capacity to work on low-cost, mediocre hardware with no reliance on stereo camera configurations or dependent data captured from other required hardware that measures depth and distance.
Both research areas together form a detection and distance estimation system that when combined has the potential to work within the constraints of the project context. Separate evaluations of the applied methods of detection using synthetic data and distance approximation from a single image will be documented as part of this projects aim.
[bookmark: _Toc113480584]1.6. Report Structure
Research that is contextual to the projects interests is reviewed from a variety of disciplines akin to the techniques the project explores. The structure of this report is directed from review of the aforementioned research, following discussions on the justification of methodologies applied to both research and developmental areas of the project, ending with a thorough analysis and evaluation of the project’s outcome as well as future work applicable to improving the projects’ goal.
[bookmark: _Toc113480585]2. Review of Literature
[bookmark: _Toc113480586]2.1. Introduction
Both object detection and distance approximation generalise to multiple sectors of industry. To capture the relevant work that is current in the field of computer vision and deep learning a broad assessment of literature from various disciplines is researched to capture each aspect of the project (see 2.5. Related Works).
Examination of discussed literature aims to guide intuition of background knowledge to identify the key areas of research that relates to the project and its research areas. A review of technologies and core concepts are identified and discussed throughout the literature review to provide context and fundamental knowledge.
[bookmark: _Toc113480587]2.2. Convolutional Neural Networks
Convolutional neural networks have dominated the computer vision industry for many years, showing impressive results on a variety of image related tasks presenting notable architectures which have progressed their development [11]. With improvements throughout the years of research [12], [13], convolutional neural networks possess many traits which make them an attractive technology for sophisticated image analysis.
[bookmark: _Toc113480588]2.2.1. Notable Convolutional Neural Network Architectures
The common operations of convolutional neural networks can be found in multiple early works. Most notably, the work of Fukushima [14] introduced the idea of feature extraction through receptive fields inspiring the architecture of the Neocognitron, an extension of Fukushima’s earlier Cognitron network [15]. Studies from the work of Hubel et al documents research of the visual cortex found in vertebrates [16] which according to Fukushima motivated the architecture of the Neocognitron. With its multiple alternating layers of S-cells and C-cells (see Error! Reference source not found.) performing the process of feature-extraction and toleration of invariance to positional shifts, Fukushima briefly highlights the issues of low pattern recognition in a variety of models such as [17] and [18] when such distortions are present in the input. The Neocognitron paved the way forward for advanced pattern recognition through a self-learnt, multi-layered network which recognized repeating patterns in its inputs even when variations of transformations were present.
[image: Diagram

Description automatically generated]
[bookmark: _Toc113480682]Figure 4 - Interconnections between layers of the Neocognitron network
[bookmark: _Toc113480589]2.2.1.1. LeNet-5
Further advancements in convolutional neural networks came from the research of the LeNet-5 network. LeCunn et al [19] produced the network for the task of document recognition, leading to the development of a dataset consisting of images of handwritten digits. LeCunn et al discuss in their work the mathematical notion of “learning from data” which presents the operations of how a convolutional neural network learns. Discussions derive from the concept of gradient-based learning. Given a training-set of examples the system is required to learn, a loss function is defined as a means of averaging the deviation from what the system learnt in contrast to the training-set examples.
LeCunn et al document the benefits of propagating a systems output of learnt parameters with respect to its input, citing the successful work of Hinton et al [20], [21]. Observations of the backpropagation algorithm in a multi-layered network motivated the architecture of LeNet-5 and its case study of character recognition, showcasing automatic learning through feature extraction of pixel images with a fairly large training dataset.
Most of the convolutional neural networks success can be attributed to the ImageNet dataset and classification challenge named ILSVRC (ImageNet large scale visual recognition challenge) [22]. Contribution towards the creation and development of ImageNet fuelled research in the field of computer vision with findings that propelled the progression of convolutional neural networks forward.
One particular network architecture which was developed as a result of ImageNet came from the work of Krizhevsky et al [23]. Known for its impressive performance improvements in ILSRVC 2012, AlexNet dropped the winning error rate to 16.4 from its preceding winners Sanchez et al [24], whose error rate during ILSVRC 2011 was 25.8.
[bookmark: _Toc113480590]2.2.1.2. AlexNet
AlexNet proved to be a landmark in the research of computer vision with Krizhevsky et al pushing to prove convolutional neural networks being the better fit for the task of object recognition using image data. Krizhevsky et al discuss the benefits of convolutional neural networks in contrast to traditional feedforward networks, justifying their argument of CNN’s providing flexibility in their depth and breadth for controlled deep learning models, the operations of CNN’s inherently making strong assumptions regarding the nature of images, as well as CNN’s having fewer connections and parameters conducive for efficient training times.
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[bookmark: _Toc111821405][bookmark: _Toc113480683]Figure 5 - AlexNet architecture [23, Fig. 2]
Emphasis across the work of Krizhevsky et al expresses the importance of more data and larger models to gain better performance. One such study challenged this common philosophy found in multiple other works from observations of double descent [25], a phenomenon that occurs in highly parameterized models where increasing model capacity results in improved performance and better generalisability.
Many established methods used today came from preceding networks such as LeNet-5 and AlexNet, most notably the commonly used ReLU (Rectified Linear Unit) activation function demonstrated in the AlexNet architecture. Krizhevsky et al observed faster training times over other neuron models popular at the time noting similar works which experimented with different activation functions for neurons such as [26]. Aside from popularizing the ReLU activation function, AlexNet also introduced the novelty of dropout, a regularization technique aimed to reduce overfitting of models through “dropping out” random neurons in the network during training. Krizhevsky et al note observations of overfitting in deep neural networks when limited data is applied as input, discussing common techniques such as early stopping [27]; an operation whereby training is stopped when performance on validation metrics fail to improve. The use of dropout has the effect of adding noise to the training process, forcing random neurons of a layer to take on probabilistic values of more or less influence from its inputs [28].
In contrast to the research towards dropout, the double descent phenomenon observes a commonality during training of various deep neural networks. Nakkiran et al, describes double descent as a phenomenon that can be observed through model complexity and larger training sets, as a model’s size increases the networks performance initially gets worse before getting better. The observation of double descent arises when techniques such as dropout or early stopping are not in effect, revealing performance gains which may be overlooked [29].
[bookmark: _Toc113480591]2.2.1.3. VGGNet
Across the literature many researchers consider it to be conventional wisdom that model depth and larger data sets result in better generalisability. Research conducted by the Visual Geometry Group at Oxford University developed multiple model architectures which followed the philosophy of increasing model depth, arguing that deeper architectures enable the ability to solve more complex problems. As a result, VGGNet produced model architectures of varying depth (see Error! Reference source not found. where the accumulated number of layers precede the VGG name [30].
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[bookmark: _Toc111821406][bookmark: _Toc113480684]Figure 6 - VGG architectures. Adapted from [31]
Each architecture utilized the ImageNet benchmark with VGG-16 producing the best performance from VGG-11 and VGG-13. Performance between VGG-16 and VGG-19 was negligible with VGG-19 including the addition of 3 more layers within the network architecture. Through the work of the VGG group, observations displayed performance improvements with deeper network architectures, proving the philosophy of deep architectures and large datasets providing better solutions for artificially intelligent models. Research also revealed a threshold of performance gains when approaching very deep network architectures due to vanishing gradients within the parameters of the network during backpropagation. The effects of vanishing gradients can be summarized as earlier weights in the network having little influence on the learning procedure. As architectures of deep learning networks get larger the shallow portions of the network have reduced changes in their parameters, halting training and having a significantly poor effect on network performance [31], [32].
Backpropagation refers to the algorithm which finds the optimal shift in the network’s parameters. The goal of backpropagation is to minimize the applied loss function; a mathematical difference between the distribution of parameters from a data sample within a set of training examples and the networks predicted distribution of parameters. As a networks depth increases, backpropagation of earlier parameters in the network suffers, resulting in earlier layers contributing less to the overall learning of the model.
[bookmark: _Toc113480592]2.2.2. Convolutional Neural Network Operations
In contrast to feedforward neural networks which consist of multiple layers of neurons, CNN’s possess traits which offer localization, spatial invariance, along with fewer parameters due to a component known as local receptive fields. Feedforward networks are the earliest type of neural network and sequentially processes input data from its starting layer of neurons, passing input from the previous layer to the next as output, where each neuron from the preceding layer connects to all neurons in the next layer.
[bookmark: _Toc113480593]2.2.2.1. Local Receptive Fields
Aside from feedforward networks being fully connected, convolutional neural networks inherit local receptive fields when processing their inputs. Akin to common manipulation techniques applied in image processing [38], a kernel which overlays the underlying pixels of an image produces a receptive field local to the given region of pixels within the input. Each receptive field the kernel overlaps finds the product of the kernel and corresponding pixel values of the local receptive field. The operation of convolution is achieved through element-wise multiplication, for each pixel within the receptive field, the accumulated products of both kernel and pixel values are summed to obtain a final output. Repeating this operation over the entire input image results in a complete feature map.
[image: Diagram, engineering drawing

Description automatically generated]
Figure 7 - Convolution operation [39, Fig. 3a]
The benefits of the convolution operation results in shared parameters between layers of the network as opposed to fully connected layers within a feedforward network where each neuron in a given layer is connected to its neighbouring neuron. This reduction of parameters optimizes convolutional neural networks in comparison to feedforward networks, with the ability to parallelize the convolution operation to gain faster training times.
[bookmark: _Toc113480594]2.2.2.2. Pooling
Pooling is a technique applied to an input of a resulting feature map which down-samples the input to reduce its size. Pooling operations traditionally range from global averaging to maximum pooling, each operation segments the feature map through use of a filter whereby the size of the filter determines the segmented regions of the input. Following a similar process to the convolution operation, a filter overlaps each region of the input performing the given pooling operation, the resulting output inherits the dimensions of the filter size in combination with the length of stride.
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[bookmark: _Toc113480685]Figure 7 - Max pooling [39, Fig. 6a]
Further reduction of the input as a result of pooling provides much more robust feature maps and is generally more computationally efficient. Pooling preserves the input although reducing its dimensionality, an intuitive description of pooling can be expressed as the influence or presence of a given feature becoming more pronounced.
[bookmark: _Ref112177966][bookmark: _Toc113480595]2.2.3. Measuring Performance
Evaluation of the performance of a neural network is an important measure regarding the accuracy of models produced through training neural networks. Neural networks model approximations of target functions for a given domain, testing the credibility of a model critically evaluates its performance.
Metrics which measure performance highly depend on the objective of the model. In terms of classification tasks few common metrics are used for evaluating model performance according to the literature [40], [41], [42].
[bookmark: _Toc113480596]2.2.3.1. Confusion Matrix
The confusion matrix is commonly displayed as a grid-based structure which provides the intrinsic measures of correct and incorrect predictions, typically referred to as true and false negatives and positives. Conventionally the y-axis denotes the ground truth labels of classifications, and the x-axis denotes the models’ predicted classifications.
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[bookmark: _Toc113480686]Figure 8 - Confusion matrix example of three classes [43]
Utilizing a confusion matrix during evaluation provides a measure that reveals the performance of a model regarding its predictions. As a standalone metric of performance, sole reliance on the confusion matrix can introduce the skew of results providing a poor benchmark for observing model performance. 
[bookmark: _Toc113480597]2.2.3.2. Accuracy
Accuracy is measured by finding the ratio of correct classifications over the total number of data points (see Equation 1). As the typical interest of a trained model is to infer performance for unseen data, generalization would be poorly reflected when using trained samples exclusively when evaluating accuracy. Common practice displays the split of data into two sets, referred to as training and testing. Model training utilizes the training set as a baseline for learning examples, where further testing for generalization makes use of the test set for evaluation of model performance.

[bookmark: _Ref111665170][bookmark: _Toc111788342][bookmark: _Toc113480721]Equation 1 - Global average of model predictions over all observations
Further benefits of practicing the split of data into sets, alongside using accuracy as a performance metric, reflects the concept of over and underfitting. Both over and underfitting describes the growth of learning on both train and test sets. Overfitting can be observed when a model’s accuracy on the testing set deviates lower from the accuracy of the train set, this displays the model’s sensitivity towards highly fitting the training set of data, resulting in poor generalization to new and unseen data. Conversely, underfitting shows poor performance when observing a lower accuracy on both testing and training sets (see Figure 9 - Observing over and underfitting).
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[bookmark: _Ref111661067][bookmark: _Toc111821408][bookmark: _Toc113480687]Figure 9 - Observing over and underfitting
[bookmark: _Toc113480598]2.2.3.3. Precision and Recall
An uneven population of data potentially introduces class-imbalance where accuracy alone resolves as an inconsistent measure of performance [44], [45]. As a means of mitigating unstable measures of false performance further metrics can be collected where targeting of a specific class for scrutiny of performance reveals deeper insight.
Precision focuses on the correct predictions explicitly, finding the ratio of correct predictions over the total predictions. Omitting incorrect predictions reflects the model’s performance of correct predictions, providing a percentile score of a particular class where multiclassification is concerned. Observing the score of precision provides an accurate measure where penalization of the model for incorrect predictions can be measured more granularly.

[bookmark: _Toc111788343][bookmark: _Toc113480722]Equation 2 - Precision of true predictions over total predictions
Similar to the influence of biased datasets affecting accuracy, precision can also introduce biased results when total observations of predictions outweigh correct predictions produced by the model. In order to overcome misaligned results of precision a metric of recall solves bias by considering the total amount of correct predictions over the accumulated instances of a given class.

[bookmark: _Toc111788344][bookmark: _Toc113480723]Equation 3 - Recall of how correct model predications are
Recall counters any skew that may be present when observing the precision score. When both precision and recall results are observed, performance of correct predictions can be analysed with slightly less ambiguity. Utilising both precision and recall presents a conducive trade off when measuring performance where both metrics complement each other. This trade off provides insight towards the precision of all correct predictions, and in contrast recalling the accuracy of how correct the predications were; effectively eliminating bias.
[bookmark: _Toc113480599]2.2.3.4. F1 Score
As a means of optimizing both precision and recall due to their complementary nature, an overview of the completeness of predictions for evaluating model performance can be obtained through an F1 score.
An average can be observed through use of both precision and recall metrics where either metrics score when resulting in zero produces a harmonic mean.

[bookmark: _Toc111788345][bookmark: _Toc113480724]Equation 4 - F1 harmonic mean of precision and recall metrics
[bookmark: _Toc113480600]2.3. Image Segmentation
Segmentation of an image involves dividing or partitioning various regions of an image and is used in a multitude of fields such as medical imaging, autonomous vehicles, military, etc. The goal of segmentation is to divide the image into homogenous, self-isolated regions which correspond to the objects of interest that are visible.
[bookmark: _Ref112169841][bookmark: _Toc113480601]2.3.1. Image Segmentation Techniques
Various techniques exist for analysing an image to extract useful information. A culmination of methods together forms the techniques of image segmentation with no unified approach to extracting information of an image derived from pixel data due to task dependence. With each method performing various strategies that cluster, combine, and target groups of pixels, analyses of an image can be performed in a multitude of ways.
[bookmark: _Toc113480602]2.3.1.1. Thresholding-based Segmentation
A widely used method which clusters groups of pixels for dividing an image, threshold-based segmentation is a commonly used technique which directly divides the image using grayscale information of varying pixel intensities [46]. Thresholding can be based on a global or local level where global thresholding splits the image into foreground and background contexts using a single threshold resulting in a binary image [47] (see Figure 10). Local thresholding makes use of multiple thresholds to divide the image into many target regions [48].
A commonly used segmentation algorithm is the maximum interclass variance method [49] whereby a globally optimized threshold is selected through maximizing the variance between two classes, namely foreground and background.
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[bookmark: _Ref111703203][bookmark: _Toc111821409][bookmark: _Toc113480688]Figure 10 - Otsu method (original image: left, Otsu method: right)
Searching for the threshold intensity optimally segments the image into the two background and foreground classes, this is achieved by maximizing the between-class variance metric.

[bookmark: _Toc111788346][bookmark: _Toc113480725]Equation 5 - Formula for calculating between-class variance
Computing the intensity histogram of an input image reveals the grayscale buckets of intensity for each pixel, the algorithm selects a grayscale value for the intensity threshold which in essence splits pixel intensities below the threshold for the background class, and pixels above the threshold for the foreground class. Weights  are calculated by taking the background and foreground pixels and dividing by the total number of pixels respectively.  describes the mean intensity by taking the number of pixels for a given intensity and multiplying by its corresponding grayscale value. Processing every threshold intensity of  and  provides a list of between-class variances for  where the optimal threshold intensity is shown by the greatest between-class variance. Otsu’s method provides reasonable results when the intensity histogram inherits a bimodal distribution, common methods revert to filling holes found within mask boundaries to resolve noisy output [50].
[bookmark: _Toc113480603]2.3.1.2. Edge-based Segmentation
Edges of an image can be described as discontinuous local features, where mutations of brightness, colour, and texture show immediate change [51]. A common operator of edge detection is Sobel [52]. The Sobel operator is a discrete differential operator based on the first derivative which approximates the gradient of luminance in an input image.
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[bookmark: _Toc111821410][bookmark: _Toc113480689]Figure 11 - Sobel edge detection example
Sobel has the ability to handle noisy input in concurrence to edge response, this is due to the influence of the operator providing a weighted value for pixels positioned towards the centre of the kernel, which in contrast to other well-known operators such as Prewitt [53], and Roberts [54] places less emphasis on pixel values that reside closer to the centre of the operator kernels.
The Sobel operator is commonly defined as a 3x3 kernel spanning moderate distance where detection and noise can be handled due to lesser neighbouring pixels. Sobel also extends to a 5x5 operator with slightly poorer detection due to higher influence of pixel coverage, but a larger weighted value suffers less bias to noise.
Various other operators such as Laplacian [55] and Zero-crossing [56] provide different approaches to the detection of edges working with second order derivatives. Convolution of the image using the various operators results in the output of an edge map.
[bookmark: _Toc113480604]2.3.1.3. Region-based Segmentation
Similarities in intensity levels across an image capture repeating patterns. The goal of region-based methods is to find and cluster patterns across an input image. In comparison to edge-based detection methods which are more localised, region-based methods are more simplistic and susceptible to noise [57], [58].
Region growing is a common method of grouping pixels based on some criterion [59], a set of pixels within the original image is selected [60], the criterion for further selection of pixels can be defined based on colour or grayscale level intensity, a stopping-rule governs the scale of the pixel candidate process. Further growth of regions for larger pixel clusters appends groups of pixel candidates with similarly predefined properties, region growing stops when no more pixels of similar characteristics can be found within the image.
[bookmark: _Toc113480605]2.3.2. Image Segmentation Applications in Deep Learning
Image segmentation in deep learning can be described as a classification problem at a pixel level. Partitioning of pixels for various classification methods is the main application of image segmentation in deep learning and has seen major leaps in progress from research over the past few years [61], [62].
[bookmark: _Toc113480606]2.3.2.1. Object Detection
The detection of objects from image data has a multitude of applications. Branching areas of object detection in deep learning can be classified as generic and salient with more complex implementations of segmentation extracting contoured shapes of objects from input images. Typical subtasks of object detection range from face detection [63], skeleton detection [64] and also pedestrian detection [65] in the case of autonomous driving cars.
As images inherently adopt large variations in occlusion, viewpoint, and lighting conditions, the task of object detection is difficult to achieve, although current work in the field has shifted focus towards solving these problems [66], [67], [68], [69].
Object detection stems two deep learning tasks. The detection of objects within an image can be referred to as object localization, achieving successful detection of objects within particular regions of the image provides localized information regarding the position or location of the object. Secondly, object classification focuses on categorizing the object in terms of its descriptor. Both localization and classification collectively refer to the problem of object detection [70].
[bookmark: _Toc113480607]2.3.2.2. Semantic Segmentation
Further works toward object localization and classification aim to segment a given object from an image with larger precision. Semantic segmentation revolves around the detection of objects with greater accuracy, segmenting around the boundary of the detected object for a precise mask of salient shape. In terms of classification semantic segmentation aims to classify at a pixel-level where clusters of pixels which belong to the same object class are categorized as part of the mechanism for object detection [71].
As the task of segmentation is highly specialized, multiple datasets have been developed leading to popular benchmarks for testing and evaluating the performance of various segmentation models. PASCAL VOC [72] the Visual Object Classes dataset consists of publicly available images with complete annotations of over 20 classes. One important component of the dataset consists of over 27,000 annotated objects, annotations of objects gather specific labelled data of each segmented object, achieved through the task of data annotation [73] involving manual and automatic methods that pre-process the images with various labelled masks that assign classifications to clusters of pixels.
[bookmark: _Toc113480608]2.3.2.3. Instance Segmentation
Performing the task of both object detection and semantic segmentation, instance segmentation aims at providing different labels for each individual instance of an object which resides in the same class. Common applications of instance segmentation are heavily used in the medical industry [74], [75], [76]. 
Closely related to the task of object detection, further segmentation of the pixels for detected objects within an image is determined as instance segmentation. Many works related to the methods discussed in 2.3.1. Image Segmentation Techniques describe the common principles of achieving traditional instance level segmentation for simple machine vision problems in non-complex scenes.
[bookmark: _Ref112194147][bookmark: _Toc113480609]2.3.3. Measuring Performance of Image Segmentation in Deep Learning
With the primary goal of image segmentation in deep learning being the localization and classification of objects in an image, measuring the networks success for predictive analysis is an important benchmark in observing the accuracy of segmentation.
The most common metric for measuring the performance of the image segmentation task is intersection over union [77]. Similar skew in metrics occur as discussed in 2.2.3. Measuring Performance where class-imbalance overshadows the inaccuracy of minority classes in contrast to the accuracy of majority classes. As such, accuracy alone does not provide a clear measure of network performance where image segmentation is concerned.
IoU (Intersection over Union) solves for overlap between the network’s segmentation predictions and the ground truth labels, over the union between segmentation predictions and ground truth labels.
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[bookmark: _Toc111821411][bookmark: _Toc113480690]Figure 12 - IoU metric for image segmentation
Finding this ratio provides a single number by which a measure for error of accuracy can be determined in the networks segmentation results. Generally, an IoU score of greater than 0.5 is considered good as this would provide at least half or greater coverage of segmentation with respect to ground truth.
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[bookmark: _Toc111821412][bookmark: _Toc113480691]Figure 13 - Example categories of poor, good and excellent IoU
[bookmark: _Ref112320848][bookmark: _Ref112321146][bookmark: _Toc113480610]2.4. Distance in Computer Vision
Depth or distance estimation refers to the set of techniques which aim at obtaining a spatial structure or representation of a scene. Computer vision specializes in image processing, working with the projection plane of an image which is defined as the set of rays that cross a given aperture arriving at the image plane.
Given the characteristics of the image plane, a reduction in dimensionality condenses the scene into a 2D representation. The reconstruction process is referred to as depth estimation [78] where two conventionally used representations of depth are commonly utilized.
Grayscale depth maps constitute depth at each pixel recording information of distance or depth by measure of intensity. White represents pixels close in depth, where black denotes pixels at further depth with various levels of intensity in between. Another form of depth map can be represented in 3 channels, although less compact than grayscale, depth is recorded through each colour channel with less precision.
Ground truth representations of depth provide qualitative data for depth estimation techniques, one popular dataset is the Middlebury dataset where depth maps are represented in grayscale, more specifically for stereo vision the Middlebury dataset also consists of left and right eye ground truth depth maps along with their respective colour images [79].
Various system setups are used to capture depth information, vision-based sensors which utilize light beams measure reflected light that interacts with object surfaces to measure depth and height. Throughout literature such systems face the common problem of limited range opening a branch of research in computer vision known as depth completion [80], [81], [82], [83].
[bookmark: _Ref112044484][bookmark: _Ref112170700][bookmark: _Toc113480611]2.4.1. Pinhole Camera Model
Image formation is expressed through the well-established pin-hole camera model [84]. The pin-hole camera model describes the creation of a 2D image from a 3D scene. Given an image plane and a 3D scene, a pinhole can be placed between both, where the center of the pinhole forms the optical axis which is perpendicular to the image plane (see Figure 14). Projection of a 3D point from the scene travels through the pinhole intersecting with the image plane. Placing a 3-dimensional coordinate frame at the origin of the pinhole we can express a given 3D point  and its projection on to the image plane .
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[bookmark: _Ref112040721][bookmark: _Toc113480692]Figure 14 - Perspective imaging with pinhole
 The distance between the pinhole and the image plane is the effective focal length . Where  and  represent vectors of  and  respectively. We can observe similar triangles between both vectors and the optical axis and can express a relationship between the depth component of vectors   and   components:

The pinhole camera models the principles of projection for image formation and is the fundamental basis for most modern camera systems.
[bookmark: _Ref112022308][bookmark: _Toc113480612]2.4.2. Extrinsic & Intrinsic Transformation
Vision systems represent how the world is perceived digitally, camera calibration is a technique to configure the mapping process between a 3D point in world space, to a 2D pixel coordinate on the image plane. Proper calibration [85] provides intrinsic information regarding camera parameters (see Figure 15). Several transformations take place where the mapping process can be broken into two categories, extrinsic and intrinsic (see Equation 6).

[bookmark: _Ref112017275][bookmark: _Ref112017268][bookmark: _Toc113480726]Equation 6 - Extrinsic and intrinsic transformations
Extrinsic transformations pertain to world-space and specifically resemble variables external from the camera such as camera location and rotation,  where lower scale  refers to the object coordinate system and upper scale  denotes the camera system. This notation of upper and lower scale refers to the previously mentioned mapping between coordinate systems,  and  refers to the transformation and projection matrices respectively. Equation 6 formulates the entire mapping process where the 4x1 matrix represents the object system in world space with its respective homogenous coordinate, a mapping from the object system to camera system and further projection of camera system  to image plane  forms the extrinsic transformations. Intrinsic to the camera, the transformation from image plane  to the camera sensor component  is composed of a single transformation where points on the image plane translate to points captured by the camera sensor component, with the sensor component matrix denoted by the 3x1 matrix to the left of Equation 6. As seen in Figure 14 of section 2.4.1. Pinhole Camera Model, the image plane within the camera system has a negative offset, regarding modern cameras with lens systems the point of convergence where all rays hit the lens, back to the image plane is the effective focal distance and is taken into account during the projection of the camera coordinate system to the image plane.
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[bookmark: _Ref112019020][bookmark: _Ref112019016][bookmark: _Toc113480693]Figure 15 - Transformation of 3D point and projection to the image plane [86]
Through extrinsic and intrinsic transformations, a correspondence between the world-space and pixel coordinates can be obtained. The process of the above mapping can be calibrated with any camera system to provide unknown camera parameters such as sensor size and focal length [87].
[bookmark: _Toc113480613]2.4.3. Light-based Depth Estimation
There are many techniques used to measure distance. One of the first proposed measures of distance used was light and can be found in some early works such as [88] where Benjamin researched the development of a novel laser cane to aid the blind through use of incandescent light.
[bookmark: _Toc113480614]2.4.3.1. Incandescent Light
A basic set up of incandescent light can be emitted through a high temperature coil producing uncorrelated emissions of electromagnetic waves. Measuring distance with this method tends to be very coarse as such a system can be susceptible to illuminated objects and under certain environmental constraints provide restrictive measure in relatively small areas.
[bookmark: _Toc113480615]2.4.3.2. Pattern Projection
Another common technique to measure distance comes in the form of pattern projection. Producing a light field in a known pattern which is then projected into a scene. A camera system is displaced from the light source to capture any geometrical distortions present in the projected pattern [89]. A popular system which made excessive use of pattern projection was Microsoft’s Kinetic technology [90].
[bookmark: _Toc113480616]2.4.3.3. Time of Flight
In contrast to the previously discussed methods, time of flight technology includes sensors which measure the elapsed time the emission of a wave pulse takes from its reflection off an object and return to the time-of-flight sensor. Other measurement methods of ToF (time of flight) also observe the phase shift of the emitted light pulse, which tends to have a slightly slower response than timed pulses [91].
[bookmark: _Toc113480617]2.4.4. Monocular Depth Estimation
Depth describes the geometry of a scene providing valuable information for tasks such as distance approximation. Monocular depth refers to the inferring of depth information given a single image as input. 
The main challenge of monocular depth algorithms is the loss of depth due to projection (as discussed in 2.4.1. Pinhole Camera Model), although the advantage of optimization naturally occurs due to the processing of a single image as opposed to multiple images frequent in stereo vision configurations.
[bookmark: _Toc113480618]2.4.4.1. Image Structure
A technique found in multiple works such as [92], [93], searches for common structures of objects within a single image. The goal of image structure is to obtain approximations of volumes from simple structures within an image. François et al proposes the use of NURBS where volume is formed from parametric curve fitting, human intervention is required as the user places key points in the image for feature extraction of edges similar to the methods described in 2.3.1. Image Segmentation Techniques. When features of edges from the image are captured the user must further label and group the features for parametric curve fitting.
Similar works exist for well-known structures such as human faces and hands based on anthropometric norms [94], as well as interior structures such as walls and floors [95].
The main drawback between the related methods above is that depth measurements are relative, exact distances of pixels within the image aren’t known, alongside this, perspective is the main limitation of similar image structure algorithms alongside occlusion which can produce uncontrolled results.
[bookmark: _Toc113480619]2.4.4.2. Depth on Defocus
In contrast to image structure, depth on defocus provides absolute measurements of distance within a single image derived from the focus properties of the image itself. Akin to the depth of focus of the human eye [96], computation of the defocus level for every pixel in the image provides a measure of estimated distance. Finding the defocusing level is typically performed using the Laplacian operator [97]. Pixels which are deemed focused provide measurements of distance when the parameters of the camera are known (see 2.4.2. Extrinsic & Intrinsic Transformation).
[bookmark: _Ref112320827][bookmark: _Toc113480620]2.4.5 Stereo Vision
The popular imaging technique stereo vision provides 3D measurements in a variety of environments [98]. Primarily based on the perception of human vision, stereo vision utilizes triangulation of rays from multiple viewpoints. As discussed in 2.4.1. Pinhole Camera Model, a point taken from an object of interest can be represented as a ray by which a relationship between its 3D components corresponds to its contribution of a pixel on the image plane.
In practice, stereo vision aims to solve the identification of pixels from multiple images and match their 3D feature counterparts. This is known as the correspondence problem which typically uses a camera calibration technique. Calibration is performed prior to using a stereo vision rig whereby images are remapped where the result is referred to as the rectified image.
[bookmark: _Toc113480621]2.4.5.1. Epipolar Geometry
A common problem which the calibration process aims to solve is the epipolar geometry which describes the geometric relations of 3D points and their corresponding 2D projections on the image plane.
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[bookmark: _Ref112174826][bookmark: _Toc113480694]Figure 16 - Epipolar geometry of a stereo vision system [99] 
 and  represent the focal centres of the left and right cameras,  and  displays the left and right image planes. The point of interest  is a 3D point in the scene where  and  visualize the projections of  on the left and right image planes. Figure 16 displays both epipoles which refer to points  and  laying on the line that intersects the image plane at both focal centres.
A property of the epipolar geometry constrains every point of the line  reflecting on the corresponding line , referred to as the epipolar line. The effect of this constraint determines the the correspondence of   for image plane  relative to image plane  and its epipolar line. A simplification of epipolar geometry is introduced when image planes are positioned in parallel, providing a configuration known as the fronto-parallel hypothesis [100].
[bookmark: _Ref112179264][bookmark: _Toc113480622]2.5. Related Works
A review of literature related to the corresponding areas the project explores is discussed below. The format of related works categorizes relevant discussions into respective sub-sections whereby synthetic data, object detection, and distance approximation form the review of related works.
[bookmark: _Toc113480623]2.5.1. Synthetic Data
Utilising synthetic data to train neural networks is a relatively new technique [101]. Recent research at Microsoft shows the use of a complete synthetic dataset of virtual humans to train a neural network for the task of detecting facial landmarks for pose estimation [102]. In contrast to the complexities of collecting real-world data [103], [104], synthetic data is an attractive choice when considering the data collection phase of any deep learning project. Data is the driving force of any deep learning algorithm and the quality of said data can have severe consequences on model performance [105]. Importance on the generalisability and quality of available data has a direct impact on deep learning, limitations to the use of publicly available datasets regarding their completeness and intended use restrict their applications to many deep learning tasks. Synthetic data specifically in context to computer vision removes this restriction, mitigating the need to use publicly available datasets which may be unfit for the purpose of some deep learning projects.
Denos et al [106] discuss limited available data as a main challenge to the task of classification for underwater sea mines, discussing the various approaches studied such as optical and sonar rendering of images. Denos et al also refer to the ease of iterative development documenting that a multitude of data could be generated to fit their requirements. More closely related to the context of this project, albeit the use of non-synthesized data, Handalage et al [107] express the lack of existing datasets related to swimmers in bodies of water, creating their own dataset of 5000 images for the task of classification and segmentation.
Kiefer et al also made use of synthetic data for object detection of unmanned aerial vehicles [108] discussing the available parameters that could be manipulated for capturing a much more diverse collection of data; for example expressing the freedom of manipulating transformations of objects in virtual space. Conclusions were drawn to a positive as they discussed the future works of using synthetic data for many other vision tasks, referring to the usefulness of complete depth maps derived from synthetic data over LiDAR.
This robustness highlights the potential of capturing much richer datasets for a wide range of deep learning tasks where public datasets may not be able to fulfil. Much research points towards a common adoption of synthetic datasets to model niche requirements [109], [110], [111], whilst in turn having other freely available data for a variety of deep learning tasks. As discussed by Wood et al [102], referring to their method of face reconstruction having the ability to recover low-frequency shapes of human faces, further enriching raw data which can be useful for other vision related tasks.
Although synthetic data appears to be the golden bullet for vision related tasks in deep learning there are disadvantages to this approach of data collection. As simulated environments have the ability to mimic moderately realistic scenarios, noise is an important attribute to consider. Deep learning models conceptually learn patterns within data, and noise is an important topic for introducing model regularization. Many works in research refer to the importance and impact of regularization [112], [113], [114], [115] to successfully achieve generalised models that perform well in the wild.
[bookmark: _Toc113480624]2.5.2. Object Detection
Object detection can be defined as the process of classifying and localizing an object from an image. Many works in the field of deep learning and computer vision apply object detection to a variety of problem domains. The advancements of object detectors in recent years prove the ability to surpass human perception, making them a very good fit for the task of classification and localization of objects from image data. Recent work in the field of object detection has seen shift towards single step approaches where both classification and localization take place in a single pass, notable works are YOLO [68] and SSD [116].
Older methods such as [66] perform a first step of region proposal where sections of interest are calculated via a probability of a particular region encapsulating an object. In contrast to both one and two stage detection approaches the challenge of memory overhead for calculating detection of objects in one pass has seen many advancements, in particular the YOLO series of algorithms [117] which shows continuous improvement for detection accuracy, alongside other works that are currently state of the art such as RetinaNet which further improved detection accuracy by implementing a focal loss [118].
Specifically tackling the task of object detection on lower-end hardware the mobile net class of detectors provide moderate accuracy with the aim of balancing processing speed and memory consumption. Research towards depth wise convolutions to improve computational efficiency has shown a considerable speedup when computing feature maps, with little sacrifice towards overall quality [119].
[bookmark: _Ref112185761][bookmark: _Toc113480625]2.5.3. Distance Approximation
Monocular distance is a difficult problem to solve but computationally inexpensive, making it an attractive choice for various applications where estimating distance is required [120]. Through use of known or calibrated camera parameters and segmentation of objects with a known geometric quantity, the concepts discussed in 2.4.1. Pinhole Camera Model and 2.4.2. Extrinsic & Intrinsic Transformation enable the calculation of distance from a single image. Many experiments have applied this technique to single images, Pratama et al used low resource hardware in an experiment for detecting nearby vehicles and computing their distance [121]. Two methods were tested, pose from orthography and scaling (POS), and directly related to this project, triangle similarity (TS). Detection was performed using Haar cascade classifiers derived from similar works [122]. Pratama et al tested the accuracy of both POS and TS measuring overall performance between calculations using standard deviation. Discussions on the importance of accurate detection revealed issues with the results, Pratama et al express the introduction of outliers for distance calculations when multiple detections over a single frame occur. Despite the presence of outliers skewing distance estimation results conclusions on the experiment revealed TS as the most accurate method of distance approximation. Martínez-Díaz performed similar works using a small mobile vehicle along with a monocular and stereo vision camera set up [123].
Martínez-Díaz discusses the process of calibration for the stereo cameras prior to experiments where three points on a known checkerboard pattern were used for calibration. The method of similar triangles was used as a means of distance approximation with the corners of a rectangular structure of known proportions was attached to the miniature mobile car acting as the target for detection. Martínez-Díaz documents use of a pre-trained region-based CNN which was trained on 105 images of the target object. Documentation of the results concluded that monocular depth performed similarly to stereo vision.
Both approaches test the validity of using similar triangles geometry in order to implicitly map pixels to estimated distances from a single image within a collection of frames. Applications of this distance estimation method are also used in many other fields such as computer games [124] and robotics [125].
Similar to the work of Pratama et al, Mustamin also studied estimation of distance to develop a warning system in an effort to aid safe driving and avoid collisions [126]. Both works use the same methods to classify and detect vehicles. Mustamin also documents success of using similar triangles as a technique for distance estimation concluding that the results proved similar triangles being a low-cost solution to for performing distance estimation for a warning system that promotes safe driving.
[bookmark: _Toc113480626]2.6. Conclusion
Examining current research from the available literature provides fundamental knowledge of core concepts applicable to vision related tasks and deep learning, gaining a wider understanding of the field. From the related works a clear perspective shows a potential paradigm shift towards automated solutions to gain synthetic data for vision related tasks, deducing a trend which should grow with the progression of modern computer graphics. The viability of synthetic data shows good promise for potentially novel solutions regarding data collection with research showing interest towards its usefulness in the field.
Research of object detection shows major progress towards the maturity of detection algorithms, moreover the increase in efficiently detecting objects on lower-end hardware displays the potential for inexpensive hardware performing the task of object detection.
Distance estimation shows multiple works using similar triangles as a method to approximate the distance between objects. The drawbacks of knowing geometric quantities up-front hinders its application to general use but results show great success in the methods accuracy. With low-cost hardware, and minimum resources, similar triangles can perform very well to approximate distances, providing a compact and reliable method as opposed to more robust and complex configurations such as stereo vision.
[bookmark: _Toc113480627]3. Methodologies
[bookmark: _Ref112194035][bookmark: _Toc113480628]3.1. Research Methodology
With one of the deliverables of the project being the development of a solution towards achieving a high-quality synthetic dataset, decisions towards other research and development avenues have been heavily constrained. The application of artificial intelligence will rely on transfer learning as a means of avoiding the construction of a self-designed neural network in order to reach the projects aim. Research was conducted as part of the review of literature to provide background knowledge on the concepts required to fulfil the projects’ goal and a mix of technologies have been applied in order to develop a novel solution towards the collection of data which satisfies the agenda of the project.
As the use of synthetic data is still a relatively recent approach in terms of training deep learning models, heavy reliance on the quality of data will impact how well the detection model generalizes to real-world examples. Furthermore, research of related works shows great success in distance estimation with similar triangles, evaluation of distance approximation results is discussed in 3.2.5.2. Distance Approximation Performance Measurements.
[bookmark: _Toc113480629]3.1.1. Philosophy
As the project consists of multiple parts with the desired goal of delivering a trained model capable of detecting real-world objects, research showed the accepted and practiced metrics to observe model performance (see 2.2.3. Measuring Performance). Furthermore, the application of distance approximation provides quantitative data with little debate towards its subjectiveness, observing all data delivered by each part of the project as quantifiable. With this in mind, following common practice aligned with the methods of research work discussed in 2.5. Related Works a positivist philosophy can be appropriately applied to the project.
Considerations towards applying a phenomenological outlook to the project was overruled due to concrete metrics providing more factual information in contrast to suggestive reasoning of the project’s outcome.
[bookmark: _Ref113190406][bookmark: _Toc113480630]3.1.2. Approach
At the early stages of the projects inception the context of detecting humans in large bodies of water alongside the approximation of their distance remained a constant concept which led to multiple initiatives. Through preliminary tests and sandboxing, a proactive approach driven by research of literature sparked curiosity towards leveraging synthetic data and its effects on model performance and generalization. Further research of synthetic data revealed other recent works of interests confirming its early adoption in various other fields such as robotics.
Both research outcomes of these areas naturally provoked the development of a hypothesis and as a result marked a definitive approach of deductivism with the reassurance of aligning similar approaches found in research of literature. The application of a deductive approach also permitted the ability to measure concepts quantitatively verifying the philosophical stance of positivism.
The formation of a hypothesis guided by research of available literature and preliminary tests was refined overtime coming to the conclusion that:
“Neural networks trained explicitly on synthetic data have the ability to transfer to real world examples for reliable detection, resulting in a single image suitable for the task of monocular depth estimation”
Overall, the hypothesis aims to test the success of training a deep learning model using synthetic data, with further testing of estimating the distance of a subject from a single image. The hypothesis requires development of two solutions with one implementing a modern pipeline to capture synthetic data for model training, and the second being the implementation of distance approximation with minor field work for data collection obtaining ground truth.
[bookmark: _Toc113480631]3.1.3. Strategies
To define and encapsulate the relevant deliverables, two strategies together form the expected outcomes of the project:
I. Software Development – The intended software will provide a working solution which together forms the apparatus for testing both hypotheses.
II. Document Review – The recording of any and all background research will accumulate the baseline of knowledge required, providing a repository of relevant works pertaining to the project aim.
[bookmark: _Toc113480632]3.2. Project Management
[bookmark: _Toc113480633]3.2.1. Generalisability
The goal of the project has been considered as two separable parts, object detection and distance approximation. The capabilities of both systems have applications to multiple areas, with the project focusing on the use case of potential improvement to lifeguard supervision. Distance approximation is a well-research field, coupled with existing work and background knowledge of the area a common observation is apparent. Most typical configurations for distance estimation rely on expensive hardware, especially where stereo vision is concerned.
The main goal of distance approximation regarding the project’s implementation is to arrive at a simple solution without relying on expensive hardware configurations. The ability to calculate distance of detected objects from a single image captured by a standard RGB camera is the proposed scenario, where both detection and distance estimation are separately researched and evaluated. As the hypothesis constrains the testing of the task for distance approximation to a single image, generalization to other areas of research can be tested to explore its feasibility when applied to different contexts.
Similarly, with the aim of developing a suitable synthetic dataset for model training, the goal of producing a generic pipeline for data collection is incredibly valuable to collecting data in the most automated way possible. This task is not constrained to explicit forms of synthetic data, with a well-developed pipeline capturing synthetic data of any type can provide an automated and inexpensive solution which expands to other deep learning tasks for the field of computer vision.
[bookmark: _Toc113480634]3.2.2. Reliability
Regarding the task of deep learning, many works quantify the evaluation of network performance whilst openly discussing network architecture. Where replication in constrained environments provides expected results, a level of ambiguity still exists due to the nature of deep learning algorithms. The variation of training deep learning algorithms on top of the potential pre-processing of data along with many other dynamics such as model tuning may impact the outcome of exact results. The project makes use of the MobilenetV2 model [127], designed to perform well on minimum specified hardware to mimic the constraints of the detection and distance estimation system to the context of improving lifeguard supervision. MobilenetV2 has a mAP score of 22.2 and was trained on the COCO dataset, the impact of using a pre-trained network is to have the potential for accelerated model performance in order to minimize the training process for good detection results that satisfied the projects aim. Through training sessions, the model weights will be freezed with the highest performing metrics being used for inference.
The ability to freeze model weights after training for the task of inference provides reproducibility, where a snapshot can be captured to distil the performance of the model. With this technique, it is intended to serve as a reliable measure of consistency where performance of the model can be captured legitimately. This provides a stable testbed for testing and evaluating performance of detection. 
A sub-set of data has been captured through minor field work where ground truth labels along with raw images represents the data to be used for evaluation of the applied technique of distance estimation. This sub-set of data will be utilized during testing with a pre-trained Mask R-CNN model in order to perform reliable and consistent tests for the distance estimation implementation.
[bookmark: _Toc113480635]3.2.3. Validity
The approach of distance approximation using similar triangles relies on known camera and geometric parameters. As discussed in 2.4.2. Extrinsic & Intrinsic Transformation, camera parameters can be obtained through the process of calibration, with calibration being skipped entirely if camera parameters are known. Consultation of the manual for the camera used to capture the evaluation sub-set of data for distance estimation tests provided known camera parameters allowing bypass of the calibration process. 
The validity of the project in terms of distance approximation can be justified by the related works discussed in 2.5.3. Distance Approximation with multiple projects implementing the technique of similar triangles for estimating distance with great success. Regarding the software development strategy, established technologies form the basis of the project’s apparatus, alongside the methods employed for data collection and pre-processing. The list of technologies the project applies can be found in 3.3.2. Project Dependencies.
Further discussed in 3.2. HEAD65 Dataset the development of the project’s dataset used for training of the head detector validated anthropometric norms regarding the geometry of the virtual humans, this was to obtain a credible value regarding the distance approximation algorithm (discussed in 3.2.5.2. Distance Approximation Performance Measurements). The reliability of these measurements provided an accurately quantified baseline which contributed to the integrity of the projects results.
[bookmark: _Toc113480636]3.2.4. Risks
The potential for risks occurring threatens project success. To ensure the development of viable solutions that mitigate risks consideration towards the likelihood and relevance of potential threats to the project have been documented. Risks which are deemed highly likely have been identified and noted with a corresponding score and label, along with a mitigation plan that correlate to the risks relevant label.
A. Poor Organization – As the project consists of multiple parts, organization of relevant areas could become misaligned leading to little progress and potentially threaten completion of the project. (Likelihood – 1, Severity – 2)
B. Scope Creep – It is expected that during research and development new ideas will inevitably be formed, this formation of new concepts may leak into the project expanding its scope. (Likelihood – 1, Severity – 3)
C. Loss of Files – The potential for loss of files is a major threat to project completion as all parts of this works are digital. (Likelihood – 1, Severity – 5)
D. Knowledge Limitations – As the project involves multiple areas of exploration, some concepts may have the potential to severely impact progress of the project. (Likelihood – 4, Severity – 2)
E. Software Stability Issues – As discussed in 3.3.2.2. Software, the use of multiple technologies fulfils the requirements of the project in most aspects. Stability issues of software would have a large impact on project progression. (Likelihood – 4, Severity – 1)
F. Personal Issues – Project completion relies on the commitment to reach deadlines, any type of personal issue such as sickness, or other, would have a large impact on the progression of the project. (Likelihood – 1, Severity – 3)
[bookmark: _Toc113480637]3.2.4.1. Mitigation Measures
Strategies for the above considered risks are listed below, corresponding to their appropriate labels.
A. With many moving parts involved in the projects goal the viability of the project will be tested preliminary through rough sandboxing and implementation. This will provide an expected outcome of tasks which will be documented in order to deduce prioritization and organization.
B. A short time frame for preliminary tests will be conducted in order to gain insight towards expected tasks. Alongside this following the development of project objectives will govern project scope. Throughout development potential scope creep will be monitored and reflected against the documented roadmap and project objectives to ensure the elimination of unnecessary expansion of project scope
C. A strict backup regime has been established. Network-attached storage will be the primary space for project files. Automated backup from the NAS to a development PC has been scheduled indefinitely with further automated backup from the development PC onto a USB flash drive. This enforces a triangulation of devices maintains multiple copies of the project files.
D. Investment of multiple resources is expected with time set aside for preliminary tests. Documentation of useful resources will also aim to cover knowledge gaps forming a repository of material for additional support. Further assistance from the project supervisor will also be considered as a means of support.
E. Research on technical documentation for any and all software that is used for project development will be stored in a repository of resources for reference.
F. Communication with project supervisor if the need arises will cover support if any long-term personal issues affect the project.
[bookmark: _Toc113480638]3.2.4.2. Risk Matrix
To visualize the relationship between likelihood and severity of each documented risk, the use of a risk matrix is below.
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[bookmark: _Toc113480695]Figure 17 - Mapped risk matrix
[bookmark: _Toc113480639]3.2.5. Project Metrics
Following the selected research methodologies mentioned in 3.1. Research Methodology, quantitative results will describe and demonstrate the success of the project in accordance with the applied methodologies. Through conducting background research of available literature regarding sections 2.2.3. Measuring Performance and 2.3.3. Measuring Performance of Image Segmentation in Deep Learning, established and well-practiced methods for obtaining quantifiable metrics as a measure of performance well be applied to the output of the project during both evaluations of detection and distance estimation.
[bookmark: _Ref112311557][bookmark: _Toc113480640]3.2.5.1. Neural Network Performance Measurements
Standard practice will be applied in order to gain the discussed metrics which have been derived from background research as well as research of related works. The common metrics of measurement for both classification and detection are discussed above in the review of literature and will be collected during training sessions.
Model performance in both areas of classification and localization will be readily available from Tensorboard with both training and testing metrics being recorded between each training session. Model weights will be captured by checkpoints to distil performance between training sessions until the lowest possible loss has been reached.
The cycle of training is illustrated below (see Figure 18) to display the pipeline from data collection to training, to evaluation of train and test metrics, and finally the freeze of model weights.
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[bookmark: _Ref112195163][bookmark: _Toc113480696]Figure 18 - Model Training Pipeline
[bookmark: _Ref112336922][bookmark: _Toc113480641]3.2.5.2. Distance Approximation Performance Measurements
Distance calculations will use the principle of similar triangles as discussed in 2.4.1. Pinhole Camera Model.

[bookmark: _Ref112195594][bookmark: _Toc113480727]Equation 7 - Finding distance of an object from known camera and geometric parameters
Calculations (see Equation 7) will rely on the performance of the object detection model where  will be solved based on segmentation quality using the bounding boxes output from the pre-trained Mask R-CNN model. The formula requires known camera and geometry parameters where  is the effective focal length and an average measurement of  which will be based on anthropometric norms derived from research of human head analysis [128] cross-referenced with the head lengths of the 3D virtual humans as part of the HEAD 65 dataset (see Table 8 - MetaHuman head lengths in centimetres).
In preparation of evaluation, it was determined that a sub-set of data with ground truth labels was required. Collection of this data was performed with a Nikon D7200 DLSR camera with equipped  focal lens and a sensor area of  (). Camera parameters were gathered as per the manufactures reference manual (see Figure 41).
Referring to the related works found in 2.5.3. Distance Approximation, both authors measured distance approximation results with varied methods. As the sub-set of data captures images of the object of interest within the range of 10 – 100 meters, a linear scale can be determined. Based on this fact, evaluation of distance will be performed through a regression model over all samples of the sub-data where mean absolute error will be calculated to provide an average deviation from ground truth labels (see Equation 8) and estimated distance values.

[bookmark: _Ref112196672][bookmark: _Toc113480728]Equation 8 - Calculation of mean absolute error
[bookmark: _Toc113480642]3.3. Development Methodology
Application of a development methodology paved an approach to tackling the practical implementation of the project goal. As a single member performing both research and development aspects, a lightweight and adaptive methodology that is harmoniously aligned to computer science projects was researched [129].
With respect to the viability of the project, preliminary tests were conducted in order to quickly prototype a software solution to test both detection and estimation of distance from a single image. This process provided an immediate rush of research that accelerated coverage of knowledge gaps. 
As the concept of the project was the detection of humans in large bodies of water and approximation of their distance, both areas are considered separable parts of research and development, this is to both alleviate the task of development but also evaluate the individual areas of a common detection system.
[bookmark: _Toc113480643]3.3.1. Feature Driven Development
Catering to the adaptive nature of changing requirements, feature driven development satisfied both dynamic development and team size. This style of development was adopted after preliminary tests produced a simple prototype.
FDD provided a methodical approach where features were the driving factor of development. A benefit of producing a first prototype not only accelerated research but also charged rapid productivity of user stories which formed the barebone features of development.
In contrast to other development methodologies, feature-driven development permitted highly iterative changes as the focus of development are simple features of the software solution being implemented. Choosing other development methods would likely have burdened the dynamics of developing by feature due to the cost of excessive upfront requirements and planning [130].
[bookmark: _Ref112186676][bookmark: _Toc113480644]3.3.2. Project Dependencies
Various dependencies were identified early on in the projects starting phase during preliminary testing. The expectations of moderately high-end components of hardware and software were pre-empted due to the computational resources required for training deep learning algorithms and the minor field work to acquire data for the task of distance estimation. 
Set up for a training environment where a GPU could be utilized for efficient and iterative training was an important step in gaining a stable workspace for development as well as the hardware required for production of a small dataset of images to test and evaluate distance approximation.
[bookmark: _Toc113480645]3.3.2.1. Hardware
The task of deep learning requires a high-level of computational resources in terms of storage and processing power. As the project consists of object detection, preparation towards configuring appropriate hardware for a stable environment is an important step to ensure development of the project is not hindered by use of poor hardware components.
The below list represents the hardware used for the project with a moderately high-end GPU and fast solid-state storage providing high transfer speeds.
Hardware List:
i. CAT6 Gigabit Ethernet Cable
ii. TP-Link AX50 Router
iii. Samsung 970 EVO Plus 1TB M.2 NVMe
iv. 16GB Corsair Vengeance DDR4 2400MHz
v. 250GB Seagate Barracuda SSD
vi. Intel i7-9700K 8 Core 5.0GHz
vii. 11GB Geforce RTX 2080 Ti
viii. Synology Diskstation DS220+
ix. Nikon D7200 DSLR Camera
[bookmark: _Ref112191266][bookmark: _Toc113480646]3.3.2.2. Software
Software solutions for the areas of development and research are listed below.
Developmental Software Dependencies:
i. Microsoft Visual Studio Code IDE
ii. Unreal Engine 5
iii. Tensorflow Objection Detection API
iv. Python Programming Language
v. LabelImg
vi. PixelLib
vii. Jupyter Notebooks Framework
Research Software Dependencies:
i. Microsoft Word
ii. Mendeley Desktop
iii. Synology Diskstation Manager
[bookmark: _Toc113480647]3. Design & Implementation
Documentation of the projects feature-driven approach to development provides insight towards the structure of operations for design and implementation. The developed solution was tackled in a modular fashion based off the training pipeline discussed in 3.2.5.1. Neural Network Performance Measurements (see Figure 18).
Many resources pertaining to the topic of managing and executing deep learning projects discuss the general workflow [131], [132], [133]. 
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[bookmark: _Toc113480697]Figure 19 - Online learning workflow for machine learning projects [121, Fig 1-13]
As most resources discuss the traditional approach of managing deep learning projects for both large- and small-scale datasets, adapting this knowledge provided a high-level design for an iterative pipeline that fit well with the chosen development style and synthetic data collection aspect of the project.
[bookmark: _Toc113480648]3.1. Requirements Gathering
[bookmark: _Ref112330414][bookmark: _Toc113480649]3.1.1. Preliminary Tests
The fast development of a solution to gauge project viability excelled research. With the initial concept of the project surrounding the idea of object detection and distance estimation, an uncertainty of how to obtain distance without pre-requisite data catapulted research in vision systems and distance estimation techniques.
As discussed in the background research (see 2.4. Distance in Computer Vision) expensive equipment to gather depth data guided research down the avenue of monocular depth estimation techniques in order to overcome the requirements of obtaining equipment to perform distance approximation or dependence of datasets that provide depth information. Alongside this, the techniques in which depth data is acquired introduces its own problems which are highlighted in 2.4. Distance in Computer Vision referring to the branch of research in depth completion.
During the process of preliminary tests, research of a solution to obtain well-trained models was conducted in order to test object detection with synthetic data in a simulated environment. A plethora of Python libraries that eased the process of object detection provided a sandbox for exploring and practicing the researched methods of both distance approximation and object detection for experimentation of concepts related to the project. PixelLib [134] an open-source Python library which provides a framework for using trained models for object detection was utilized during preliminary testing and extended its use for testing and evaluating distance estimation. 
Reference to the PixelLib documentation eased set up of a test workspace, resulting in a simple Python script (see Code Sample 1) for running experiments through inference of a trained object detection model using various images captured from the Unity game engine.


[bookmark: _Ref112363700][bookmark: _Toc113480730]Code Sample 1 - Preliminary test with PixelLib for object detection
Projects which specialised in synthetic datasets were researched with an emphasis on the quality of data, this was to deduce the various features which should be present in a simulated environment such as perspective variation, diverse ethnicity of 3D virtual humans, etc. This resulted in a list of logical features which was referenced throughout the development of the synthetic dataset for the project, providing a baseline of quality and features that were required to implemented across all observations within the dataset:
	Feature
	Definition

	Ethnicities
	Diversity of human ethnicities providing fair variation in facial structures providing true reflection on human features with respect to facial proportions and gender.

	Accessories
	Various facial and head features referring to facial hair and hairstyles.

	Environment
	Variance in lighting, time of day, background context of the subject(s) within the image.

	Perspective
	Position of the target within the image, high variance of differing angles.

	Annotations
	Existence of annotations along with their quality of padding and scale relative to the subject(s) in the image.


[bookmark: _Ref112330923][bookmark: _Toc113480734]Table 1 - Required features of data and their definitions
With the goal of preliminary tests being the exploration of gaining new knowledge and finding viable solutions to ensure production of synthetic data met expectations, the constraints to arrive at a novel solution using commodity hardware and software was the main objective to reach in terms of development.
With surface research conducted in the areas of distance approximation and object detection, rapid development of a solution using Unity and a well-trained object detector revealed the possibility of detection and distance approximation in a simulated environment.
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[bookmark: _Ref112321859][bookmark: _Toc113480698]Figure 20 - Concepts and results explored through preliminary tests
The results of sandboxing provided promise regarding the viability of the project (see Figure 20) where a coarse 3D model was used as the subject of detection and distance estimation, further experimenting of detection and distance estimation on real images revealed moderately good results (see Figure 21) with similar triangles being used to calculate the distance of multiple detected targets.
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[bookmark: _Ref112855459][bookmark: _Toc113480699]Figure 21 - Preliminary test results during inference


[bookmark: _Toc113480731]Code Sample 2 - Preliminary test with PixelLib for distance approximation
[bookmark: _Toc113480650]3.1.2. User Stories
Through preliminary testing a small list of development goals was made which would accumulate to a simple roadmap to satisfy the software development strategy of both detection and distance estimation solutions.
	Object Detection
	Distance Approximation

	1) Anthropometrically correct 3D human models
	1) Image data set with ground truth distance labels

	2) Tool to efficiently capture 3D data to form dataset
	2) Pre-trained object detection model

	3) Development framework for model training and eval
	3) Development framework for distance calculation


[bookmark: _Toc113480735]Table 2 - Development goals found after preliminary testing
Documenting high-level development goals provided a platform for further refinement and also paved a manageable development roadmap for further consideration of the technologies which were applied to the project.
Below displays a compiled list of user stories in no particular order. Refinement accelerated the generation of practical user stories occurring after each development goal was reached.
	Priority (1 – Low, 5 – High)
	User Story

	3
	As a user, I want to dynamically add cameras to the scene, so that camera placement can be automated

	2
	As a user, I want to shuffle or randomize all camera positions, so that varying images can be captured

	5
	As a user, I want to capture images from all cameras automatically, so that image data can be acquired through automation

	5
	As a user, I want every image from all cameras to have a random background, so that variance and noise can be introduced to my image data

	5
	As a user, I want all image data to be saved automatically in an output folder, so that I can easily access my images for further pre-processing

	3
	As a user, I want automatic annotations, so that pre-processing of annotations can be automated to save time

	5
	As a user, I want all cameras to automatically focus on the target of the image, so that each image is framed correctly

	3
	As a user, I want to control the distance of cameras from the target of the image, so that I can apply more variance to my image data

	5
	As a user, I want to clear all cameras from the scene, so that I can dynamically add new cameras at different positions for further variance between image observations

	4
	As a user, I want to augment my data, so that I can expand the capacity of my dataset prior to training

	5
	As a user, I want an easy-to-use deep learning framework, so that training sessions can be managed efficiently

	5
	As a user, I want to record and monitor training sessions, so that evaluation of model performance can be documented

	5
	As a user, I want to use pre-trained models, so that model performance can be accelerated with minimal overhead spent on training sessions


[bookmark: _Ref113054171][bookmark: _Toc113480736]Table 3 – Compiled list of user stories
[bookmark: _Ref112337257][bookmark: _Toc113480651]3.2. HEAD65 Dataset
A large portion of the project focused on constructing a synthetic dataset that met the discussed standards (see Table 1 of 3.1.1. Preliminary Tests) which was named “HEAD65”.
Research led to the use of MetaHuman technology [135]. Developed by Epic Games the MetaHuman technology uses morph maps to manipulate various base mesh geometry outputting digital humans with incredibly realistic features. The software consists of a simple interface which parameterizes the creation process of a digital human allowing manipulation of the 3D geometry via sliders for all parametric features of the virtual human. Further manipulation can be achieved through use of morph maps which each stock MetaHuman character provides, blending between a maximum of three stock characters provides endless variations of digital humans when combined with the large number of parameters that can be tweaked to manipulate the output geometry.
Anthropometric measurements were collected from the FaceBase resource [128] where the selected facial landmark of interest can be seen in Figure 22. From the base library of MetaHumans that formed the HEAD65 dataset a list of head lengths was collected (see Table 8).
[bookmark: _Ref112530472][bookmark: _Ref113184945][bookmark: _Toc113480652]3.2.1. Analysis of Virtual Human Data
The base library of MetaHumans consists of 65 high-quality, diverse virtual humans, where each MetaHuman has been named. Validation of anthropometric norms was achieved by importing each 3D character into the open-source modelling package Blender and using the measuring tool to obtain the head length.
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[bookmark: _Ref112343682][bookmark: _Toc113480700]Figure 22 - Anthropometric measurement of head length for Ada
The facial landmark of interest, was provided as an anthropometric measurement from the work of Lee et al [136] where a measurement is taken from the base of the chin to the top of the head. As the distance algorithm requires the real objects height, collection of the head lengths with cross-reference to other anthropometric norms [128] provided clarity to the scale of the virtual humans reflecting measurements of real-world human proportions.
With the complete data collectively forming a set of head lengths, further investigation to find its measure of central tendency via median, as well as the variance of the set via standard deviation (see Figure 23) was evaluated by exploratory data analysis. This produced a quantifiable and credible value to represent the constant  found in the Equation 7 for use in the distance estimation procedure.
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[bookmark: _Ref112362822][bookmark: _Toc113480701]Figure 23 - Median (21.18) and standard deviation (1.31) of MetaHuman head lengths
The observations between each image of the dataset also aimed to satisfy the baseline requirements for data (see Error! Reference source not found. in 3.1.1. Preliminary Tests). Ethnicities were generously captured with a mixture of genders and ages, furthermore, accessories for male facial hair along with male and female hairstyles also provided further variance of facial and head features across observations. With these attributes validated, design of a tool which automated the data collection phase started development to reach the second milestone of the object detection aspect of the project (see Error! Reference source not found.).
[bookmark: _Toc113480653]3.2.2. Automation of HEAD65 Data Collection
The MetaHuman technology is part of the Unreal Engine ecosystem, a bridge tool native to Unreal Engine 5 provided easy transfer of MetaHuman data. Preliminary tests performed in Unity were later translated over to Unreal Engine 5 where modification of the engines UMG and Movie Content systems took place.
Further requirements were gathered after performing a manual capture of images based on a single MetaHuman. Seven digital cameras were manually placed in a 3D scene surrounding the MetaHuman, test images were taken utilizing the Movie Content Class from the Unreal Engine 5 API where the ability to create and collect multiple render targets from every camera in the scene was implemented. This formed the basis of a simple render queue where images from all cameras in the scene were queued for final high-quality renders to be produced by the engine’s backend forward rendering system.
The goal of going through the manual process was to collect further requirements in order to automate the operations performed for collecting data. Splitting the process into several tasks served as new requirements which were documented as user stories (see Table 3) whereby manual tasks formed simple features that in concert matured into an automated tool by extension of the Movie Content and UMG classes the Unreal Engine 5 API provided (see Figure 24).
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[bookmark: _Ref112369878][bookmark: _Toc113480702]Figure 24 - HEAD65 Image Capture Tool
Features the tool provides followed user stories for complete automation of data collection. Referring to the requirements of data quality discussed in 3.1.1. Preliminary Tests (see Error! Reference source not found.), the ability to spawn and shuffle cameras around the scene introduced variation in distance, and perspective. When spawning cameras into the scene (see Figure 25), seven instances of CineCamera actors are created, their relative transforms are modified to a focal point which is placed at the centre of the MetaHumans head.
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[bookmark: _Ref112370551][bookmark: _Toc113480703]Figure 25 - Spawning cameras that surround the subject
The ability to shuffle the cameras position randomly within limits of a 3D volume provides a large number of perspective variations where coverage of varying angles across seven different cameras are provided. This method was implemented to raise the capacity of the final dataset ensuring a moderately large number of images and variance across observations was captured.
To introduce further variance in the collected data, modifications were made to the render queue system of the HEAD65 Image Capture Tool. The working 3D environment consisted of a single sandbox scene where implementation of a HDRI Backdrop actor enabled the ability to load a variety of HDRI backgrounds. This class component was used extensively where a single instance consists of a hemisphere geometry that is mapped with a HDRI texture image. 
For each job in the render queue system the HDRI texture is randomly changed from a repository of HDRI textures collected from [137], an online collection of CC0 licenced high-quality HDRI images.
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[bookmark: _Toc113480704]Figure 26 - Small sample of images from HEAD65 dataset
[bookmark: _Toc113480654]3.2.3. Data Annotation
The complete dataset consists of over 1000 high-quality images. The task of annotation was incredibly cumbersome, a simple Python tool named LabelImg was utilized for the task of annotation, providing an extremely stable workspace for quality annotations.
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[bookmark: _Toc113480705]Figure 27 - LabelImg annotation tool
Bounding boxes followed accepted annotation practices [138] where 1–3-pixel padding was applied to each bounding box, with tight coverage that encapsulated the subject’s whole head. As the distance algorithm only required the pixel height of the detected object, annotations for semantic segmentation were considered unnecessary. This choice proved to be beneficial for the project as a total of 11 hours was spent on the annotation phase of the entire dataset.
The formatting of processed annotations was saved in the popular PASCAL VOC XML format. Further pre-processing on annotations and images was performed, as discussed in 3.2.1. TFRecords. The LableImg annotation tool allowed saving annotation in three formats, PASCAL VOC, YOLO and CreateML. PASCAL VOC was considered over other formats due to its easy readability, with Python packages such as XMLTree being used to convert PASCAL VOC XML annotations to the TFRecord format.
Prior to the annotation task considerations were made for implementing an automatic solution [139], [140], [141] for annotating data but was later deemed too time consuming for further implementation.
[bookmark: _Toc113480655]3.2. Tensorflow Object Detection API
As the project omitted the requirement for designing and implementing a neural network architecture, various solutions were explored in order to achieve a stable workspace for model training. Transfer learning was an important requirement in gaining a stable model for further training with the HEAD65 dataset. PixelLib, the framework used during preliminary testing was deemed unsuitable for the task of transfer learning, modification to the framework was required to gain test and evaluation metrics for observing and evaluating model performance. Further research on the available frameworks offered revealed the TensorFlow Object Detection API (TFOD), a framework specifically designed for transfer learning of established well-trained networks for the task of object detection.
TFOD offered a stable environment with an available repository of multiple pre-trained networks. The framework is comprised of Python scripts which manage all aspects of a traditional deep learning project such as, event and checkpoint saving where model training metrics, weights and biases are saved at a given number of epochs. Events were used for loading performance metric data into the Tensorboard evaluation tool, model checkpoints were automatically saved for the purposes of inference testing as discussed in 3.2.5.1. Neural Network Performance Measurements.
[bookmark: _Ref112703515][bookmark: _Toc113480656]3.2.1. TFRecords
Another benefit of using TFOD was the creation of TFRecords, a proprietary Tensorflow file format which serializes data for model training. TFRecords provide an efficient storage format of data where model input can be written to respective data splits such as train and test. The TFRecords format package input data for efficiently quicker learning times in contrast to other data pre-processing techniques where formatting of input data into respective multi-dimensional arrays can often decrease the performance for loading input data into the model for training [142].
[bookmark: _Toc113480657]3.2.2. Pre-trained Model Section
During the testing phase for model selection, various pre-trained object detection models were reviewed to deduce which model provided faster training and good accuracy in terms of minimal architecture complexity. A review of available models from the Tensorflow Object Detection Model Zoo [143] provided a repository of well-established object detectors which were all trained on the COCO dataset along with their respective mAP scores.
Development towards a stable environment for use of the selected pre-trained model from the above model zoo enabled iterative testing to run training sessions within a lightweight Jupyter notebook (see Code Sample 4), this enabled modification of very few lines of code to store performance metrics of training sessions during experimentation. Project folders would automatically be configured via code to automate the creation of various required folders during training, this enabled storage of events and checkpoints categorized into the multiple training sessions performed during testing.
[bookmark: _Toc113480658]3.3. Distance Approximation
As previously discussed in 3.2.1. Analysis of Virtual Human Data anthropometric measurements were a requirement to satisfy the distance approximation calculation using similar triangles (see Equation 7). Exploratory data analysis of the virtual human heads was conducted to find the standard deviation from the set of head lengths of each MetaHuman (see Figure 23), comparisons between the set of head lengths of virtual humans and real humans revealed correct proportions, finding a reliable average for distance approximation.
Field work involved the use of a Nikon D7200 DSLR camera in order to capture the images of the subject at varying distances. Ground truth measurements were captured at each distance using two ropes of known length.
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[bookmark: _Toc113480706]Figure 28 - Ropes used for collection of distance measurements (right - 50m, left - 40m)
Use of a laser meter was considered but failed to measure the distance of the subject at each observation due to data collection being performed in light but overcast weather conditions.
[bookmark: _Toc113480659]3.3.1. Object Detection
A Mask R-CNN detection model was used for reliable classification and localization of the subject within the sample of images where the model had been trained using the COCO dataset. Detection of the subject within the image showed classification of a person with localization providing the pixel coverage of the subject by finding the difference between the bottom and top points of the segmented bounding box.
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[bookmark: _Toc113480707]Figure 29 - Detection and estimation of distance from a single image
[bookmark: _Toc113480660]3.3.2. Similar Triangles Implementation
Calculations for distance estimation using similar triangles relies on known geometric quantities. Through exploratory data analysis of virtual human heads an average was found and compared by measured head sizes from various sources [128], [144], [136], based on an established anthropometric measurement of head length (see Figure 42).
As focal length and sensor size are known parameters of the camera hardware used during field work, a total of 45 images ranging from 10 – 100 meters was captured. From preliminary tests, PixelLib was used as a platform for model detection where further implementation of collecting segmented bounding box points provided a method of retrieving the pixel coverage of the subject. With the bounding box points captured, implementation of mathematical formula expressed in Equation 7 was translated to Python code.


[bookmark: _Toc113480732]Code Sample 3 - Distance approximation with similar triangles method
[bookmark: _Toc113480661]4. Results
Analysis of the results obtained from the two solutions implemented for this project are categorized into the relevant sections of object detection and distance approximation.
[bookmark: _Toc113480662]4.1. Object Detection
Two data transformations were made for training and evaluation purposes. The train set consisted of the entire HEAD65 dataset, and test set consisted of various headshots of real humans for testing generalization of the model to unseen real-world examples. A model trained on the COCO dataset using the MobileNetV2 architecture was used to accelerate training through applying transfer learning. The purpose of evaluation is to investigate the performance of a model trained exclusively on synthetic data and its generalization power to unseen real-world examples.
As discussed in 3.2.5.1. Neural Network Performance Measurements through research of related works and background literature, established metrics that measure performance will be captured via Tensorboard and reviewed.
Tensorboard is a lightweight solution that integrates with Tensorflow call-backs to log events throughout training and evaluation. Both training and testing logs have been captured during training sessions in order to monitor performance. The Tensorflow Object Detection API implements call-backs by default for every 100 steps where general metrics of classification, localization and regularization loss are updated through saved checkpoints, both classification and localization loss metrics are also accumulated to a single total loss metric.
Evaluation of model performance on both train and test sets of data monitors performance with the commonly used COCO evaluation metrics [145]. The COCO metrics which derive from the work of Hosang et al [146] can be found in multiple research works as a widely accepted baseline of performance metrics for the task of object detection and have seen scrutiny through varying reviews and comparisons that assess their authenticity and reliability [147], [148].
[bookmark: _Ref113477561][bookmark: _Toc113480663]4.1.1. Classification Loss
As the HEAD65 dataset capacity grew throughout the project, training was conducted over multiple sessions. Classification loss declined over time with more training and expansion of the HEAD65 dataset. Each training session ran for 2000 steps where 80 training sessions were executed throughout the project leading to a total of 8000 training steps.
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[bookmark: _Ref113459867][bookmark: _Toc113480708]Figure 30 - Classification loss on training data, 0.05 loss at final training step
It was decided to keep a constant batch size of 12 during training, batch size fell within the memory constraints of the GPU used, higher batch sizes than 12 led to significant out of memory errors. Multiple works express efficient training dynamics in terms of speed and also memory consumption when using larger batch sizes in contrast to smaller batch sizes [149], [150], [151]. Smoothing has been applied to the loss curve with the semi-transparent curve showing the true decline of loss throughout training sessions.
Hyperparameters of the MobileNetV2 architecture were fine-tuned after running preliminary training sessions prior to capturing the final results.
The Tensorflow Object Detection API provides modification to model hyperparameters and architecture blocks in the form of a config file where augmentation of data can also be applied (see Error! Reference source not found.). Augmentations that affect the transformation of the input images in terms of rotation and scale are also automatically applied to the bounding box labels, these augmentations were used throughout training to further expand the capacity and diversity of the training set to improve generalizability. Augmentation of data had a positive impact on training and test evaluation. Monitoring loss over 8000 training steps showed poor results when no data augmentation was applied.
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[bookmark: _Ref113459838][bookmark: _Toc113480709]Figure 31 - Classification loss on training data with no augmentation, 0 loss at final training step
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[bookmark: _Toc113480710]Figure 32 - Classification loss on test data during training with no augmentation. 0.98 loss at final training step
Overfitting of the training data can also be observed when no augmentation is applied. The classification loss of the network during training with no augmentation (see Figure 31) showed lower results of loss in comparison to the classification loss achieved during training when data augmentation is applied (see Figure 30).
Augmentation of data proved especially useful for producing permutations of data samples in the training set. It is noted that better variance could have been captured when collecting data as the results of loss alone shows slight generalization to the test set (see Figure 33). Variance between observations of the training samples show no positional offset of the subject in the frame with the MetaHuman’s inheriting a static T-pose and minimal variation in lighting. Adapting these parameters more during data collection could have introduced further variance between observations leading to better generalization for lower classification loss on the test set of data.
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[bookmark: _Ref113459890][bookmark: _Toc113480711]Figure 33 - Classification loss on test data, 0.4 at final training step
Observing the classification loss on the test set shows a starting point of 1.13 with a gradual decline. At training step 6000 classification loss crept up to 0.8 and converged at 0.4 by training step 8000. The spike that can be seen in the classification loss at step 6000 shows the network struggling to classify samples within the test set. As previously mentioned, it is theorized that more diverse samples of data within the training set could have led to better generalizability to the test set. Observing the overall decline present in the classification loss on the test set shows the model having some capacity to classify real-world examples of human heads even though being trained exclusively on synthetic data.
[bookmark: _Toc113480664]4.1.2. Localization Loss
A sub-set of data for testing was produced by collection of headshots of real human heads with complete annotations scraped from Google Images. The test sub-set of data had a capacity of just 25 images, a much smaller size in comparison to the HEAD65 training set.
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[bookmark: _Ref113460842][bookmark: _Toc113480712]Figure 34 - Localization loss on test data, 0.2 loss at final training step
Localization loss on the test set of data follows a similar trend to the classification loss. As object detection consists of both classification and localization, the networks’ ability to classify certain samples would have a significant impact on localization. As observed in step 6000 (see Figure 34) an increase to localization loss shows issues with the network’s predictions of segmentation (see Figure 35).
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[bookmark: _Ref113460534][bookmark: _Toc113480713]Figure 35 - Multiple box predictors show localization errors across some test set samples
[bookmark: _Toc113480665]4.1.3. Mean Average Precision & Recall
As previously discussed, the evaluation metrics used align with the COCO detection metrics. COCO takes a mAP (mean average precision) of the average precision at multiple IoU (intersection-over-union) thresholds. The results obtained below from evaluation of the trained model on the test set of data displays mAP at IoU thresholds of 0.5 and 0.75. Average precision is also shown where a mAP of AP is calculated between the IoU thresholds of 0.5 and 0.95.
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[bookmark: _Toc113480714]Figure 36 - mAP between IoU range of 0.5 and 0.95. mAP score of 0.4
Detections made between the IoU threshold of 0.5 and 0.95 of positive predictions converged at 0.4. Evaluation of the test set was monitored over 25 samples at 8000 steps. Overall precision of the correct predictions shows a moderate mAP score. As previously discussed, with enough variance introduced in the test set of data a higher mAP could potentially have been achieved.
[bookmark: _Toc113480666]4.1.4. Conclusion
The test set of data included examples of headshots where the subjects of the images are center of frame with minimal variance in shadow, lighting and background context, this data was collected to reflect similar real-world examples derived from the quality of samples in the training set. Extending training steps may have led to a lower classification loss on the test set at the risk of overfitting the model to the training set of data. A threshold of 8000 training steps was deemed acceptable to mitigate the introduction of potential overfitting whilst still capturing the essence of how well the model generalized to the test set.
[bookmark: _Toc113480667]4.2. Distance Approximation
Performance of similar triangles relies heavily on the precision of the geometric proportions for the object of interest. Through testing, multiple errors occurred due to the subject in the image having incorrect measurements at various observations.
Whilst collecting the approximation results, it was noticed that the further away the subject was from the camera the more error was introduced through unstable measurements of the real height of the object (see Figure 39).
Observation 6 at 60 meters shows the subject’s segmentation results where the bounding box of the detected object covers a larger pixel area in contrast to observation 5 at 50 meters (see Figure 37, left: 60 meters, right: 50 meters).[image: ]
[bookmark: _Ref113218574][bookmark: _Toc113480715]Figure 37 - Segmentation results force variation of subject’s real height measures
To combat the introduction of skewed results due to the variation of segmentation output across observations, a ratio calculated from the subject’s real height (see Table 5) and the visible proportions of the subject was found across all observations (see Table 4).
	Observation
	Visible Proportions (in mm)

	1
	1879.6

	2
	1253.0

	3
	626.5

	4
	417.6

	5
	289.1

	6
	375.9


[bookmark: _Ref113463406][bookmark: _Toc113480737]Table 4 – Approximate measurements of visible proportions (in mm) across all observations
Testing with the detection model also revealed a threshold limit where observations past the 60-meter mark were not being classified or localized. This filtered evaluation of the distance approximation results between 10 – 60 meters due to the detection model failing at distances further than 60 meters.
	Object
	Measurement

	Focal length
	50

	Sensor height
	15.6

	Subject’s real height
	1879.6

	Orange rope
	40000

	Beige rope
	50000


[bookmark: _Ref113219327][bookmark: _Toc113480738]Table 5 - Recorded measurements of the experiment parameters (in mm)
[bookmark: _Ref113465355][bookmark: _Toc113480668]4.2.1. Mean Absolute Error
Collection of the distance approximation results have been graphed (see Figure 38), the blue points represent the ground truth distance of the subject for each observation. The Red points represent the estimated distance using similar triangles as the distance approximation technique. 
To quantify the margin of error across all observations the residual difference between ground truth and the predicted observations are collected (Table 6). The baseline (in blue) displays the linearity of each ground truth observation. Data was collected during field work with even intervals between 10 – 100 meters, graphing the resulting data shows the baseline adopting an upward incline at a constant rate by coincidence.
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[bookmark: _Ref113220063][bookmark: _Toc113480716]Figure 38 - Distance estimation residuals
As displayed in Figure 38, there is mainly positive residuals with a single negative residual at observation 6 (see Table 6 for actual residual values), this shows most predictions slightly over ground truth.
	Observation
	Residual

	1
	2.93

	2
	0.76

	3
	3.46

	4
	1.32

	5
	0.10

	6
	-1.22


[bookmark: _Ref113225056][bookmark: _Toc113480739]Table 6 - Residuals across all observations
As expressed in Equation 8 the mean absolute error (or MAE) measures the average spread of errors within a set of predictions, where the absolute value omits any directional magnitude. This is to avoid any similar values across observations from cancelling each other.
The results of the predicted errors showed minimal outliers with the furthest residuals being observations 1 and 3. As the presence of outliers is sparse their influence on the final averaged result would be negligible. With this assumption, calculating a distilled measure of deviation using mean absolute error was kept as the method of choice for quantifying a reliable error rate.
Although measurements of distance were recorded in a slightly primitive manner, ground truth values remained moderately consistent throughout. With reasonably approximated proportions calculated for each observation (see Table 4), this eliminated the presence of significant outliers in the predicted distance values.
Prior tests revealed the impact of incorrect measurements of real height across all observations (see Figure 39).
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[bookmark: _Ref113468138][bookmark: _Toc113480717]Figure 39 - Predictions from incorrect visible proportions of the subject across all observations


	Observation
	Visible Proportions (in mm)

	1
	1879.6

	2
	939.5

	3
	469.7

	4
	234.8

	5
	268.4

	6
	313


[bookmark: _Ref113467921][bookmark: _Toc113480740]Table 7 – Incorrect calculation for measurements of visible proportions (in mm) across all observations
The impact of incorrect proportions to the objects real height showed significant errors in the predicted results with mostly negative residuals. The proportions shown in Table 7 do not reflect the approximated proportions as seen in the observations. The approximated proportions seen in Table 4 were cross-referenced by the observations and derived from the subjects’ real height to provide more accurate representations of the expected real heights seen in the observations of the data. Taking this into account eliminated outliers as seen in Figure 39 and also provided expected predictions that were closer to ground truth.
As the detection model classified and localized 6 observations between 10 – 60 meters, calculation of the mean average error is expressed below (see Equation 9), evaluating the average error rate at 1.95.

[bookmark: _Ref113237281][bookmark: _Toc113480729]Equation 9 - Mean absolute error of all observation’s residuals
The error rate of 1.95 meters demonstrates the capability of similar triangles being a reliable method for approximating distance from a single image. Due to the detection model not classifying or localizing the subject of the image above 60 meters further testing of greater distances and the accuracy of similar triangles cannot be evaluated. With an improved detection model investigation of similar triangles and its ability to approximate distance at greater values could be explored.
[bookmark: _Toc113480669]4.2.2. Conclusion
Improvements to the results could be made if known geometric quantities were more precise. Furthermore, ground truth distance values could have been recorded with more precision and expectations of actual ground truth will inevitably carry discrepancies of slight deviation due to the method used to collect the ground truth distance values. 
The application of similar triangles as a distance approximation technique requires camera calibration to retrieve the estimated parameters of the camera hardware, with these constraints and more precision to the data, improved results can be achieved with a higher level of accuracy.
[bookmark: _Toc113480670]5. Evaluation
The various components of the projects aim were to research and develop two components which overall apply to the context of the project. The key areas of research which tackle both detection and distance estimation were explored within the literature review. Related works summarize the separate areas of research with review of similar projects that apply the techniques explored and developed. Many of the research areas discussed within the literature review verified the validity of the project alongside providing some background context towards the expected concepts that are required to be known. 
Further research focused on 2.3.3. Measuring Performance of Image Segmentation in Deep Learning could have been explored highlighting in more detail the performance metrics used for object detection. 
Reflecting on the applied research and development methodologies provided a clear outlook towards the philosophical stance of the project with the correct approach towards collecting the results for analysis. Iterative development accommodated changes of requirements with preliminary tests producing development tasks maintaining project progression.
Downsides to using the Tensorflow Object Detection API left many constraints on the project, some issues were faced during the collection of results, more specifically the ability to retrieve a confusion matrix derived from the models results. The Tensorflow Object Detection API mainly serves as a simple framework for using pretrained models for the creation of custom object detectors, heavy modifications to the API would have been required to achieve more enhanced results that align with the use case of this project. This was unfortunately noticed at the very end of the project during collection of the results.
The training pipeline expressed in 3.2.5.1. Neural Network Performance Measurements provided a streamlined approach to managing the tasks of data collection, training and evaluation during development. A number of training sessions using various iterations of the HEAD65 dataset were performed. Collection of data was considered a novel approach to obtaining synthetic data, using technologies which provided various avenues of automation during development. It was expressed in 4.1.1. Classification Loss that the variety of samples within the HEAD65 dataset was not diverse enough. Reflecting on this point, extension of the HEAD65 Image Capture Tool could have offered more parameters during data collection to capture diversification between observations leading to better model generalization.
[bookmark: _Toc113480671]5.1. Future Works
As the results of the project are documented and evaluation of the projects success is discussed, future work related to the outcome of the project shows promise towards the areas of research explored. With similar research discussed in 2.5. Related Works, a clear shift towards using synthetic data for model training is slowly becoming a popular method for data collection. Applications of synthetic data in computer vision shows many avenues for a variety of different vision tasks that may be more abstract. The ability to generate data in a simulated environment permits creation of environments that may not be possible in reality. Furthermore, monocular depth estimation is also proven in related works to be a successful estimator of distance capable of running on low-end hardware with no complicated stereo vision set ups.
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	MetaHuman
	Head Length (in cm)

	Ada
	21.27

	Amelia
	22.27

	Aoi
	24.18

	Bernice
	20.26

	Bes
	23.78

	Bryan
	22.06

	Chandra
	20.79

	Cooper
	22.14

	Danielle
	19.08

	Dax
	21.56

	Dhruv
	21.18

	Emanual
	23.03

	Emory
	23.76

	Erno
	21.44

	Farrukh
	21.75

	Fei
	20.92

	Gavin
	21.05

	Glenda
	19.59

	Hadley
	20.13

	Hana
	19.55

	Hudon
	22.03

	Irene
	19.49

	Jesse
	22.52

	Kai
	22.19

	Keiji
	21.57

	Kellan
	23.01

	Kendra
	20.21

	Kioko
	20.54

	Koda
	22.59

	Kristofer
	21.80

	Kwame
	21.51

	Lena
	19.59

	Lexi
	20.37

	Lucian
	22.46

	Malika
	20.47

	Maria
	20.50

	Myles
	21.94

	Nasim
	21.67

	Natalia
	20.79

	Neema
	21.31

	Omar
	21.51

	Orla
	19.62

	Oskar
	22.27

	Payton
	19.62

	Pia
	19.98

	Robin
	20.24

	Rosemary
	17.64

	Roux
	19.67

	Rowan
	21.86

	Sadhil
	21.78

	Seneca
	22.37

	Skye
	20.34

	Sook-ja
	20.53

	Stephane
	20.81

	Taro
	21.54

	Tori
	19.91

	Trey
	22.41

	Valerie
	18.77

	Vincent
	20.71

	Vivian
	20.37

	Wallace
	20.96

	Yuri
	23.31

	Zakari
	23.00

	Zeva
	19.36

	Zhen
	19.32
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# Our instance segmentation object   segment_image   =   instance_segmentation ()     # Load the Mask R - CNN model trained on COCO dataset   segment_image . load_pascalvoc_model ( "models/mask_rcnn_coco.h5" )     target_classes   =   segment_image . select_target_classes ( person   =   True )     # Segment the input image and show results in a new output image   segmask ,  output   =   segment_image . segmentImage ( input_image_path ,  segment_target_classes   =   target_classes ,  show_bboxes   =   True ,  output_image_name   =   output_image_path )  


Microsoft_Word_Document.docx
# Our instance segmentation object

segment_image = instance_segmentation()



# Load the Mask R-CNN model trained on COCO dataset

segment_image.load_pascalvoc_model("models/mask_rcnn_coco.h5")



target_classes = segment_image.select_target_classes(person = True)



# Segment the input image and show results in a new output image

segmask, output = segment_image.segmentImage(input_image_path, segment_target_classes = target_classes, show_bboxes = True, output_image_name = output_image_path)
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# Get image width and height   width   =   image . shape [ 1 ]   height   =   image . shape [ 0 ]     bounding_box_values   =   []   object_pixel_heights   =   []     num_of_objects   =   segmask [ 'rois' ].shape[ 0 ]     # Get the size of the object in pixels   for   x   in   range ( num_of_objects ):                     bounding_box_values . append ( segmask [ 'rois' ][ x ])             object_pixel_heights . append ( abs ( bounding_box_values [ x ][ 0 ]  -   bounding_box_values [ x ][ 2 ]))     # Camera attributes   sensor_height   =   23.5   focal_length   =   50     # Base this number on anthropometric norms   object_real_height   =   232     distance_values   =   []   distance_in_meters_values   =   []     # Calculate the objects distance   for   x   in   range ( num_of_objects ):             distance   =   ( focal_length   *   object_real_height   *   height )  /   ( object_pixel_heights [ x ]  *   sensor_height )             distance_in_meters_values . append ( round ( distance   /   1000 ,  2 ))  
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# Get image width and height

width = image.shape[1]

height = image.shape[0]



bounding_box_values = []

object_pixel_heights = []



num_of_objects = segmask['rois'].shape[0]



# Get the size of the object in pixels

for x in range(num_of_objects):

    

    bounding_box_values.append(segmask['rois'][x])



    object_pixel_heights.append(abs(bounding_box_values[x][0] - bounding_box_values[x][2]))



# Camera attributes

sensor_height = 23.5

focal_length = 50



# Base this number on anthropometric norms

object_real_height = 232



distance_values = []

distance_in_meters_values = []



# Calculate the objects distance

for x in range(num_of_objects):



    distance = (focal_length * object_real_height * height) / (object_pixel_heights[x] * sensor_height)



    distance_in_meters_values.append(round(distance / 1000, 2))
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# Using our camera intrinisics and known goemetric proportions,  calculate the distance of the object from the camera                           distance   =   ( focal_length   *   object_real_height   *   height )  /   ( object_pixel_heights [ x   +   i ]  *   sensor_height )  
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# Using our camera intrinisics and known goemetric proportions, calculate the distance of the object from the camera

            distance = (focal_length * object_real_height * height) / (object_pixel_heights[x + i] * sensor_height)
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# Setup constant path names for workspace   PROJECT_NAME   =   'head6 5 '     # Change CUSTOM_MODEL_NAME to desired pre - trained model (each model  gets its own folder inside workspace/models)   CUSTOM_MODEL_NAME   =   'ssd_mobnet_test03'     # For testing other models, change PRETRAINED_MODEL_NAME and  PRETRAINED_MODEL_URL   PRETRAINED_MODEL_NAME   =   'ssd_mobilenet_v2_fpnlite_320x320_coco17_tpu - 8'   PRETRAINED_MODEL_URL   =   'http://download.tensorflow.org/models/object_detection/tf 2/20200711/ss d_mobilenet_v2_fpnlite_320x320_coco17_tpu - 8.tar.gz'   TF_RECORD_SCRIPT_NAME   =   'generate_tfrecord.py'   LABEL_MAP_NAME   =   'label_map.pbtxt'     # Setup a list of constant path names that are required for the  Tensorflow Object Detection API   paths   =   {           'WORKSPACE_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' ),           'SCRIPTS_PATH' :  os . path . join ( PROJECT_NAME , 'scripts' ),           'APIMODEL_PATH' :  os . path . join ( PROJECT_NAME , 'models' ),           'ANNOTATION_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' , 'annotations' ),           'IMAGE_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' , 'images' ),           'INFERENCE_IMAGE_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' ,  'images' ),           'MODEL_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' , 'models' ),           'PRETRAINED_MODEL_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' , 'pre - trained - models' ),           'CHECKPOINT_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' , 'models' ,  CUSTOM_MODEL_NAME ),            'OUTPUT_PATH' :  os . path . join ( PROJECT_NAME ,  'workspace' , 'models' ,  CUSTOM_MODEL_NAME ,  'export' ),            'TFJS_PATH' : os . path . join ( PROJECT_NAME ,  'workspace' , 'models' ,  CUSTOM_MODEL_NAME ,  ' tfjsexport' ),            'TFLITE_PATH' : os . path . join ( PROJECT_NAME ,  'workspace' , 'models' ,  CUSTOM_MODEL_NAME ,  'tfliteexport' ),            'PROTOC_PATH' : os . path . join ( PROJECT_NAME , 'protoc' )     }  
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# Setup constant path names for workspace

PROJECT_NAME = 'head65'



# Change CUSTOM_MODEL_NAME to desired pre-trained model (each model gets its own folder inside workspace/models)

CUSTOM_MODEL_NAME = 'ssd_mobnet_test03'



# For testing other models, change PRETRAINED_MODEL_NAME and PRETRAINED_MODEL_URL

PRETRAINED_MODEL_NAME = 'ssd_mobilenet_v2_fpnlite_320x320_coco17_tpu-8'

PRETRAINED_MODEL_URL = 'http://download.tensorflow.org/models/object_detection/tf2/20200711/ssd_mobilenet_v2_fpnlite_320x320_coco17_tpu-8.tar.gz'

TF_RECORD_SCRIPT_NAME = 'generate_tfrecord.py'

LABEL_MAP_NAME = 'label_map.pbtxt'



# Setup a list of constant path names that are required for the Tensorflow Object Detection API

paths = {

    'WORKSPACE_PATH': os.path.join(PROJECT_NAME, 'workspace'),

    'SCRIPTS_PATH': os.path.join(PROJECT_NAME,'scripts'),

    'APIMODEL_PATH': os.path.join(PROJECT_NAME,'models'),

    'ANNOTATION_PATH': os.path.join(PROJECT_NAME, 'workspace','annotations'),

    'IMAGE_PATH': os.path.join(PROJECT_NAME, 'workspace','images'),

    'INFERENCE_IMAGE_PATH': os.path.join(PROJECT_NAME, 'workspace', 'images'),

    'MODEL_PATH': os.path.join(PROJECT_NAME, 'workspace','models'),

    'PRETRAINED_MODEL_PATH': os.path.join(PROJECT_NAME, 'workspace','pre-trained-models'),

    'CHECKPOINT_PATH': os.path.join(PROJECT_NAME, 'workspace','models', CUSTOM_MODEL_NAME), 

    'OUTPUT_PATH': os.path.join(PROJECT_NAME, 'workspace','models', CUSTOM_MODEL_NAME, 'export'), 

    'TFJS_PATH':os.path.join(PROJECT_NAME, 'workspace','models', CUSTOM_MODEL_NAME, 'tfjsexport'), 

    'TFLITE_PATH':os.path.join(PROJECT_NAME, 'workspace','models', CUSTOM_MODEL_NAME, 'tfliteexport'), 

    'PROTOC_PATH':os.path.join(PROJECT_NAME,'protoc')

 }
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