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[bookmark: _Toc87265408][bookmark: _Toc95426149]Abstract

Road infrastructure is critical to modern society; its condition affects our safety and the conditions of our vehicles. Potholes are a constant issue that causes accidents and car damage. In the world of autonomous driving, cars need to be able to recognise potholes and take appropriate action. Real-time data about the state of the roads would provide authorities with the data they need to mitigate the issues caused by disrepair and make the repair process much more efficient.
This paper aimed to develop machine learning algorithms that can accurately detect potholes in the road surface and propose a road condition monitoring system that can be used to closely monitor the road network's conditions. The proposed road monitoring system could be open to both authorities and the public. A mobile application is proposed, and proof of concept is made to run machine learning-based pothole detection algorithms.  
A detection accuracy of 95% is shown using convolutional neural networks to detect whether the road contains potholes or not. This paper shows a mean average precision of 87.7% during object detection using the YOLOv4[1]  algorithm. Results were tested on multiple different road types and conditions in different lighting. This paper shows an improvement in the accuracy of the developed YOLOv4 object detection model when compared to previous research using the same techniques.
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1. [bookmark: _Toc87265409][bookmark: _Toc95426151]Introduction

0. [bookmark: _Toc87265410][bookmark: _Toc95426152]Introduction

Modern road networks are of great importance to the population; they connect the modern world allowing us to commute and travel freely and allowing goods to flow, making a considerable contribution to the economy. Potholes and other defects in the road surface are significant issues for domestic and commercial travellers, causing many accidents and damaging many vehicles each year. The Annual Local Authority Road Maintenance (ALARM) Survey carried out by the Asphalt Industry Alliance (AIA) shows us that in the 2020 to 2021 period, councils in England and Wales spent £94.6 million repairing 1.6 million potholes, this is as many as one every 19 seconds [2]. The ALARM survey shows us that the cost of repairing a single pothole, when planned, is around £42.94 versus £69.04 for an unplanned, reactive repair. Compensation claims against local authorities for vehicle damages totalled £3.6 million. However, a more considerable amount of £11.4 million was spent on staff costs for handling those compensation claims [2]. Despite all this spending, the total spent on pothole repair and compensation claims is far less than what drivers themselves have paid out in automotive repair. Research by KwikFit, the United Kingdom's leading automotive servicing and repair company, has estimated that British drivers spent over £1.26 billion on car repairs caused by pothole damage between March 2020 and 2021 [3]. The most commonly damaged motor vehicle components are suspension, wheels, and steering, all of which can require costly repair - a national average of £127.20. 
	An automated way of detecting potholes on the road surface could help mitigate some of the costs involved in their repair, allowing more potholes to be repaired. Increasing the number of pothole repairs could, in turn, also decrease the likelihood of damages caused by potholes and therefore reduce the amount spent on automotive repair. For road maintenance or pothole repair to occur, the respected authority must first know the location and severity of the damage. Currently, there is no system in a large-scale deployment that makes it easy for authorities to know the whereabouts and severity of the damage. An automated, machine learning-based system using camera input could fill this gap. Modern computing power could allow a smartphone device mounted inside a vehicle to run an algorithm that automatically detects potholes as it moves along the road. This software could automatically detect the pothole, record the location via GPS (Global Positioning System), and upload it to a cloud-based system allowing authorities to view every pothole or road defect in the area. An online, cloud-based system could provide a map overview of every pothole in the area; this would allow authorities to instantly check the state of the roads, potentially viewing a picture of the defect and allowing them to despatch a worker to fix it.
Developments have already been carried out by large car manufacturers such as Ford, Jaguar Land Rover, and Mercedes-Benz [1]– [4] to help reduce the damage and discomfort caused by potholes when traveling. In the future, self-driving cars will also require the capability to detect road defects before them, allowing them to take appropriate action to avoid them. Currently, self-driving capabilities do not allow cars to slow down or avoid potholes. A self-driving car could potentially cause more damage from potholes than a manual driver would – due to the lack of reaction. In the future, the proposed system could help aid self-driving vehicles by allowing them to "see" the potholes in front of them. A system such as the one proposed in this dissertation could allow cars to share the collected pothole information over the cloud, giving warning in advance of upcoming potholes or road defects. An automated system could aid drivers and self-driving cars in pre-warning them of the upcoming defect.

0. [bookmark: _Toc87265411][bookmark: _Toc95426153]Aims and Objectives

This study aims to detect potholes in the road surface automatically using machine learning techniques. This will include developing and testing the various computer vision algorithms and developing a backend system to store the detected potholes. The following objectives have been set to be achieved through the process of this research:
· Investigate the current techniques that car manufacturers are using to counteract potholes.
· Identify the state-of-the-art, machine learning-based approaches used for pothole detection.
· Train and develop a selected machine learning algorithm for the use of pothole detection.
· Create a backend, web-based system for storing pothole locations to receive and store pothole images and GPS locations in real-time. 
· Using a developed machine learning algorithm, evaluate the possibility of using dashboard-mounted smartphones to detect potholes.

0. [bookmark: _Toc87265413][bookmark: _Toc95426154]Dissertation Structure

This study consists of seven chapters; the current chapter should have helped introduce the reader to the "why" of the project and the aims and objectives. The rest of this dissertation is structured as follows.
2. [bookmark: _Toc95426155]Chapter Two

Chapter two presents a review of literature, evaluating the different subjects and developments that have taken place in the research area. This will include research into the state-of-the-art machine learning methods for computer vision and object detection. A look into the previous research on pothole detection using machine learning algorithms will allow the researcher to understand the commonly used algorithms and techniques, helping guide the development process.

2. [bookmark: _Toc95426156]Chapter Three

Chapter three will discuss the research and development methodologies used during the project's development. Data collection tools and techniques will be discussed, outlining how they will be used. This chapter will also discuss the research philosophy, approach, strategy, and time horizons. This chapter will discuss the software methodology used for developing the machine learning algorithm and the proposed backend system.

2. [bookmark: _Toc95426157]Chapter Four

Chapter four will be used to outline the design and implementation of the project; this will include the design of the backend data collection system and machine learning-based pothole detection system. The flow of data between the pothole detection and backend systems will be shown through data flow diagrams. The chapter will show how the researcher suggests a system will work based on the previous literature review in chapter two.

2. [bookmark: _Toc95426158]Chapter Five

The fifth chapter will allow the author to document the results and discussions of the developed systems. This chapter will show the results of various tests and developments through the research process, evaluating the effectiveness of different machine learning algorithms. An overview of the backend system will be shown in this chapter.

2. [bookmark: _Toc95426159]Chapter Six

The final chapter will provide the researcher with a section to conclude the results and findings of the project. The project results will be contrasted with the original aims and objectives outlined in chapter one to determine if the project has had a successful outcome. This chapter will also discuss future works, outlining how the project can be developed further to improve outcomes.

0. [bookmark: _Toc95426160]Conclusion

Chapter one has introduced the project, expressing the reasoning behind the project and introducing the ideas behind what is to be achieved. The chapter gave an overview of the aims and objectives of the project, communicating the expected deliverables and milestones of the project. Potholes have been shown to be an issue in modern society, and the reasoning for automated detection has been shown. The introductory chapter ended with a discussion of the dissertation structure, giving an overview of what is coming up in the following chapters.

1. [bookmark: _Toc87265414][bookmark: _Toc95426161]Literature Review

1. [bookmark: _Toc87265415][bookmark: _Toc95426162] Introduction

This chapter of the dissertation will review the numerous developments of existing pothole detection solutions. The tools and techniques used by different researchers will be evaluated and compared to find the most effective machine learning algorithms. Pothole detection and mitigation solutions of large car manufacturers will also be discussed, demonstrating the relevance of the proposed system and allowing the researcher to understand the current approaches they have used. A look into the various problem areas of the project will take place, looking at topics such as object distance detection techniques and deployment of machine learning models to mobile devices. A look into the evaluation metrics for various machine learning algorithms will also take place, allowing the researcher to understand the success criterion of each algorithm.

1. [bookmark: _Toc87265416][bookmark: _Toc95426163]Existing Pothole Detection Solutions

There are numerous different methods of detecting potholes that have been used through the years; some are even in place in motor vehicles today to help smooth out the ride for the driver. This section will look at the existing technologies in place and what existing methods have been used for pothole detection.

1. [bookmark: _Toc87265417][bookmark: _Toc95426164]Ford

Ford has had a pothole detection system built into its Focus model since 2018 [5]. Ford's system attempts to limit the impact of potholes and damaged roads for the driver by using a system that detects when the wheel is falling into a pothole, which then adjusts the suspension to reduce the downwards travel of the wheel, limiting the effect by stopping the wheel hitting the opposite side so harshly. The system responds even faster for the rear suspension by pre-adjusting the rear wheel suspension before it reaches the pothole; this is impressive as there is a very short travel time between the front and rear wheels when travelling at high speeds, Ford state "This all happens in a split second."[4]

1. [bookmark: _Toc87265418][bookmark: _Toc95426165]Jaguar Land Rover

Jaguar Land Rover (JLR) has researched automated pothole detection to allow their cars to alert other drivers, report to road authorities, and aid in autonomous driving [6]. They say that the total cost of vehicle damage caused by potholes in the UK alone is estimated to be £2.8 billion each year. JLR believes that if a car can receive warnings from other vehicles about severe potholes and broken maintenance holes ahead, it would allow drivers to slow down and avoid the danger. Similarly to Ford, they also believe it will allow the car to automatically adjust suspension settings to reduce the harshness of the impact and smooth out the ride. Currently, JLR achieves this by placing sensors on the suspension of their "MagneRide" equipped vehicles, which allows them to profile the road surface and detect objects such as potholes, broken drain covers, and raised maintenance holes. These warnings are communicated to other cars via their cloud-based system in real-time.[6]
	JLR state that the next stage of their research will be to investigate using forward-facing stereo digital cameras to detect these objects ahead of time automatically. JLR believes that using cameras would allow autonomous vehicles to avoid potholes accurately and safely. They state, "Ultimately, sensing the road ahead and assessing hazards is a key building block on our journey to the autonomous car", emphasising how vital pothole detection will be for the future of autonomous vehicles. They go on to state, "…we are looking to develop systems that could automatically guide a car around potholes without the car leaving its lane and causing a danger to other drivers". [6]
	JLR is also working with local authorities in the United Kingdom to understand how road profiling data could be shared with road authorities and how that data may help them increase efficiency and save taxpayer money. [6]

1. [bookmark: _Toc95426166]Mercedes-Benz

Mercedes-Benz has recently integrated pothole and speed pump detection into their latest C-class and S-class vehicles; this was revealed on August 11th, 2021, in a blog post on the Daimler website. [7] Daimler, Mercedes-Benz's parent company, started by emphasising the importance of pothole detection and how damaging they can be, stating, "Large potholes are a safety hazard because if drivers do not recognise them in time, they can no longer take evasive action or reduce their speed. There is also a risk of damage to tyres and the suspension system. In the worst case, accidents can happen.". [7]
	Mercedes-Benz has used suspension sensors connected to the chassis control unit to detect potholes; they do this by checking when a threshold at the front axle is met during suspension compression and rebound, which also occurs at the rear axle within a specified time delay. They use a similar algorithm to detect speed bumps, but in this case, they check a sequence of compression and rebound as the car drives over the bump.[7]
	Mercedes use what they call their "Car-To-X" technology to relay this data to other road users through their centralised server; this is a similar methodology used by JLR [6]. This technology allows their cars to report on different events such as crosswinds, speed bumps, potholes, broken down vehicles, accidents, and heavy rain. This data is relayed via the mobile phone network built into the cars. Any of their cars from 2016 onwards can receive this data and give an audible warning, and it is believed that the total number of cars that can receive these messages is over 3 million.[7]

[image: Look out, pothole! Mercedes-Benz further expands Car-to-X communication]
[bookmark: _Toc87305616][bookmark: _Toc95425979]Figure 1 - Mercedes-Benz's car-to-car communication increases road safety through audible alerts of upcoming events[7].

1. [bookmark: _Toc87265419][bookmark: _Toc95426167]Related Research

There has been a good amount of prior research within the last ten years that has been focussed on pothole detection, many different methods have been tried and tested. Numerous different methods have been shown to be capable of accurately detecting potholes. Modern machine learning (ML) and deep neural network (DNN) have been applied more recently, showing great results with fast run speeds and accurate detection accuracy. In a 2014 review of existing pothole detection methods, Kim, and Ryu [8], identified three different pothole methodologies, vibration, 3D (Three Dimensional) reconstruction, and vision. Vibration-based methods used an accelerometer, often found in mobile phones, to detect anomalies in time series data. 3D reconstruction included laser scanning, stereo vision, and Kinect-based methodologies to scan the potholes on the go. Vision-based methods were centred around 2D (Two-dimensional) images and video. They concluded that vision-based methods are much more cost-effective than 3D laser scanning methods but that it may be challenging to detect potholes with current methods accurately.
Wu et al. [9] proposed a system of detecting potholes using the vibration sensors and global positioning systems (GPS) that are built-in to most modern smartphones. Their research showed that data collected from the accelerometer could measure the road surface quality and detect potholes accurately; they did by capturing the shock induced by road anomalies such as potholes, which cause a spike in the accelerometer data. Smartphones were used in this case because of their wide usage across the globe and the accurate sensors they contain. They recorded data across three dimensions using the built-in triaxial accelerometer of a smartphone. Their results were validated using datasets generated from various road types to ensure the results were accurate. Testing of their algorithm was carried out using three different classification algorithms, linear regression (LR), support vector machines (SVM) and RF (Random Forest), each of which provided highly accurate results in the region of 92-97% tested across multiple datasets. They found that generally, the RF algorithm had the best performance for pothole detection.
Another paper by Mednis et al., published in 2011 [9], also used the accelerometers found within smartphones for pothole detection. Even though this paper is ten years old, they still managed to achieve a true positive rate as high as 90% on real-world data. Their methodology did not use machine learning, instead opting for a more traditional approach using mathematic equations such as standard deviation and thresholding. Although it is unclear, they seemingly had a much smaller data set than Wu et al. l [9], which could have skewed their results slightly, making them seem better than they may perform in a real-world scenario. Within their paper, the ground truth parameters table only shows 108 potholes for a 2011 dataset and 105 for a 2010 dataset, totalling 113 potholes. While this could likely be enough to create a good result, it would be interesting to see how it performs on a much larger, varied dataset.
A technique based on using convolutional neural networks to detect potholes in thermal images was proposed by Akula et al. [11]. Their method is based on using the temperate difference between the pothole and the surrounding objects. They fed images taken from a thermographic camera into a custom trained convolutional neural network (CNN) and a CNN-based residual network (ResNet) to compare the accuracy. The developed system using the ResNet model achieved an accuracy of 97.08%. Their system was tested in many environments, using water-filled pothole images, nighttime images, and images that were taken on a sunny day where the entire road is dry[11]. Although the system was incredibly accurate at detecting potholes in these different environments, they did not state the speed or distance at which the potholes could be detected, which is essential for a real-world scenario. Figure 2 shows examples of their images of potholes in multiple conditions; it can be seen how clearly visible the potholes are in various conditions, including nighttime and when water-filled. [11]

[image: Graphical user interface
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[bookmark: _Ref87343393][bookmark: _Toc87305617][bookmark: _Ref87343382][bookmark: _Toc95425980]Figure 2 - Thermal images of potholes allow easy visibility in different conditions. (Left to right) Night-time, Water-filled, Sunny day.

	Jog et al. [12] proposed a method of detecting and measuring pothole properties using 2D (two dimensional) recognition and 3D (three dimensional) reconstruction. They collected data through a camera mounted on the rear of a vehicle, recording at twenty frames per second whilst travelling at a speed of twenty miles per hour. They used existing methods of detecting the number of potholes in an image through 2D recognition and used a 3D sparse reconstruction to measure the width and depth of the potholes. The 3D reconstruction worked by taking multiple frames of the same pothole from the input video and generating a 3D point cloud[12]. Unfortunately, they did not state the accuracy of the number of potholes counted in each image or the accuracy of the width and depth of the potholes. They also did not state how large their sample size was or the speed at which the potholes could be detected. 
	Another research paper that managed to detect potholes with high accuracy using CNNs was an approach by Wanli et al. [13] that used a total of 96,000 images in training, testing and validating their neural network. They used both a conventional CNN and a pre-pooling CNN, which pre-processed the images, reducing the resolution but keeping the relevant characteristics for pothole detection. Their network managed an impressive 98.95% accuracy and was tested in real-world situations using multiple lighting conditions and road materials.[13] Their methodology produced incredible results, only requiring a digital camera without the thermal imaging described in [11] and providing more accurate results over a larger dataset. They accurately tested different conditions such as bright, shadow, and dark; they stated: "the well-trained pre-pooling CNN could recognise the light spots and potholes well". Their research also showed that their method was more accurate at locating potholes in different lighting conditions when compared to more traditional methods such as K-means cluster analysis and Sobel edge detection. [13]
	Object detection has also been used as a means of pothole detection; Al-Shaghouri et al. [14] compared the effectiveness of using several YOLO (You Only Look Once) algorithms on a dataset of pothole images collected from internet sources and manual imagery through a windscreen-mounted smartphone. They compared their methods to existing methods, one also using the YOLO algorithms to detect potholes on roads in India [15] which showed a reasonable accuracy when using YOLOv3-Tiny for a mean average precision of 72.12% at a detection range of around thirty meters. They also compared to another pothole detection system using a black-box camera [16] which showed a high precision of 88% but only detected at a range of around five meters. The system proposed by Al-Shaghouri et al. [14]resulted in an 88% precision, 81.82% mAP, and managed to detect at a range of one hundred meters, far outperforming the existing methods. They also deemed the black-box camera-based system proposed in [16] impractical in real-life scenarios because of the small detection range. 
	Other object detection algorithms have also been shown to be highly accurate at pothole detection; Fast Region-Based Convolutional Neural Networks (Fast R-CNN)[17] have also been proven to be highly accurate. Luo et al. [18]showed that Fast R-CNN could achieve an accuracy as high as 93%, using 900 images for training. Many images they used were closeups of the road surface and were not indicative of a real-world situation. However, they did produce a cloud server which they used to collect their data, saving an image and GPS location of the pothole after detection[18]. Faster Region-Based Convolution Neural Networks (Faster R-CNN) [19] was also shown to be effective by Ping et al. [20], their work compared three object detection algorithms, YOLOv3, Faster R-CNN, and single-shot detector (SSD) [21]. They compared the differences in training time with YOLOv3 being the fastest, SSD being the slowest, and Faster R-CNN coming in-between, and compared each model's performance on variously sized datasets. In general, both YOLOv3 and SSD outperformed Faster R-CNN in every test besides training time. They concluded that YOLOv3 would be the best option for pothole detection due to its accuracy on both large and small potholes. Faster R-CNN did achieve high accuracy of 74%; however, this was much lower than the 82% achieved by YOLOv3[20].

1. [bookmark: _Toc87265420][bookmark: _Toc95426168]Convolutional Neural Networks

Convolutional neural networks have been used in many of the discussed pothole detection solutions[10], [12 because they are incredibly good at image classification. CNN's emerged from the study of the visual cortex in mammals; although they have been in use since the 1980s, it was not until more recently that they became more viable for visual recognition tasks, thanks to the increase in computational performance[22]. Research and experiments on cats performed in 1958 and 1959 by Hubel and Wiesel [23], [24], and then further research on monkeys [25] paved the way for our understanding of the visual cortex. These studies eventually inspired the Neocognitron, proposed in 1980 by Fukushima[25]; it was created to be a mechanism of visual pattern recognition, having similar characteristics of the visual systems described by Hubel and Wiesel[19] – [21].
Although the Neocognitron is one of the earliest papers that introduced the idea of replicating the visual cortex, one of the most important milestones was in 1998 when LeCun et al. [27] introduced their LeNet-5 architecture. This paper used some commonly used building blocks of deep neural networks, such as fully connected layers and sigmoid activation, but also introduced two of the most important and widely used layers for CNNs: convolutional layers and pooling layers. These layers add to the traditional deep neural networks (DNNs) used for machine learning and allow highly effective image recognition.

2. [bookmark: _Toc87265421][bookmark: _Toc95426169]Convolutional Layers

The convolutional layer is what gives CNNs their name; they are used to extract features from the input training samples. As the number of convolutional layers increases, more complex features are learnt. The convolutional layer works by performing a dot product between two matrices, where the first matrix is a set of learnable parameters known as a kernel, and the second is a portion of the input images RGB (Red, Green, Blue) values. The kernel matrix uses a defined height and width, generally 3x3, and "slides" over the image, carrying out the operation to learn new features, which are used as the output of this layer. An activation function is applied to the output of the convolutional kernels, which is then passed to the next layer in the network. Activation functions are used to introduce non-linearity in the feature space; this is usually followed up by subsampling (pooling layer) which helps summarise the results[28]. Generally, a the ReLU (Rectified Linear Unit) or TanH (Hyperbolic tangent) activation functions are used with convolutional layers[22], [29]. Certain networks opt to not follow with a pooling layer and instead stack multiple convolution layers, a good example of this is the AlexNet CNN architecture.[30]

2. [bookmark: _Toc87265422][bookmark: _Toc95426170]Pooling Layers

Like the convolutional layer, pooling layers were first introduced by LeCun et al. [27], initially referring to them as subsampling layers. Pooling layers work similarly to convolutional layers, but they have a different goal – to shrink or subsample the input image to reduce the computation complexity and memory usage. They also help reduce the overfitting of the model by reducing the number of parameters. Pooling layers aggregate the layer inputs using a function such as max or mean, generally a 2x2 pooling kernel with a stride of 2 is applied to the image, taking the max or mean within the kernel to apply to the next layer, thus reducing the size of the image. The subsampling layers mentioned by LeCun [27] are what we now call average pooling, where the mean value is passed to the next layer, whereas these days, often we use max-pooling, which passes down the maximum value from the kernel instead.

2. [bookmark: _Toc95426171]Accuracy

The accuracy of a CNN is simply calculated by taking a ratio of the number of correct predictions or true positives, compared the number of total predictions or true positives plus false positives. The equation for this can be seen below. 

The default accuracy can be misleading because it does not account for each class's number of true positive and false positives. If one class has a large amount of data and another has very little, it is likely that the class with a large amount will be highly accurate, and the class with a little will not. This mismatch in data can easily skew the default accuracy prediction as the total number of true positives for the large class will outweigh the false positives of the smaller class or vice versa. This means the overall accuracy may be high even though the resultant model performs very poorly on one or more classes.

2. [bookmark: _Toc95426172]Confusion Matrix

The confusion matrix is a more accurate method of testing a classification models' performance. The confusion matrix helps defeat the issues with the default accuracy measure by calculating the number of correct and incorrect predictions for every class in the model. The confusion matrix calculates the number of true positives, false negatives, false positives, and true negatives for each class in the model. This is a straightforward process for binary classification as there are only two classes, but it is a little trickier for multi-class classification. For multi-class classification, the confusion matrix will show how many times the class was correctly and incorrectly identified when compared to every other class in the model. The confusion matrix is beneficial because the results for each class in the model are easily visible; it helps to understand which classes a model will be accurate in inaccurate at classifying [22], [31].
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[bookmark: _Toc95425981]Figure 3 - A confusion matrix for binary classification versus multi-class classification [31]

A more concise metric that can be calculated from the confusion matrix is precision; it is a simple calculation of the accuracy of the positive predictions. A model or classes precision can be calculated using the confusion matrix results; it is a simple equation that divides the number of true positives by the number of true positives and false positives [22].


Precision can also be skewed; imagine we had a single correct prediction, we could have 1/1 = 100% precision which would not be a useful metric. Because of this, precision is often used alongside another metric named recall, which shows us how many of the actual positive predictions were identified correctly [22].


1. [bookmark: _Toc87265425][bookmark: _Toc95426173]Object Detection

Throughout the years, many algorithms have been developed for object detection. A new or improved algorithm is released almost every year, which often far outperforms the previous best in terms of accuracy or efficiency. Despite this, almost every object detection algorithm is based on CNN's due to their incredible power at image classification. Early object detection algorithms would take a CNN that had already been trained and slide it across an image in a grid-based fashion. For example, an image could be turned into a 12x12 grid, and a window could be slid across it using a size of 3x3; running the CNN within the window would detect if it contains any object. The same methodology could be used multiple times with varying grid sizes to detect different sized objects in an image. However, this would often cause issues where there was overlap between the grid – an example of this can be seen in Figure 4. Due to the multiple detection issues, various post-processing methods had to be used to remove the duplicate images. With no standard algorithm to handle the whole process, this had to be manually implemented for each object detection task [22]. Later developments such as the R-CNN (Regions with CNN features) [32] improved this process considerably by employing several innovations that increased training speed and accuracy while also increasing object detection accuracy. R-CNN improved the object detection process by generating many (over 2000) regions of interest (ROIs), which were then input into a CNN to generate the detections. Later, the development of Fully Convolutional Neural Networks (FCNs) [33] allowed object detection algorithms to accurately find an object's complete outline in a process now known as Semantic Segmentation.
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[bookmark: _Ref95072786][bookmark: _Toc95425982]Figure 4 - Early object detection algorithms would run a standard CNN in a sliding grid across an image [22]

Three object detection algorithms see the most usage, each of them has been proven useful at pothole detection and can give highly accurate results. These algorithms will be researched further in this section of the literature review; they are YOLO, SSD, and Faster R-CNN.

3. [bookmark: _Toc87265426][bookmark: _Toc95426174]You Only Look Once

You Only Look Once, often referred to as YOLO throughout this paper, was initially proposed in a 2015 paper [34] and was further updated with YOLOv2 in 2016 [35], YOLOv3 in 2018 [1], [36], YOLOv4 in 2020 [1]. Further research in 2021 by Wang, Bochkovskiy and Liao showed that the YOLO algorithm could be scaled down, using a far less complex network to decrease accuracy but vastly improved detection speed [37]; this modified network became known as Scaled YOLOv4. The large version of YOLOv4 [1] was shown to be highly accurate on the MS COCO (Microsoft Common Object in Context) [38], [39] video dataset, giving a 56% accuracy at a speed of 16 FPS (Frames Per Second) on a Tesla V100 graphics card. A much smaller version of the YOLOv4 algorithm, known as YOLOv4 Tiny, based on modifying the network shown in the Scaled YOLOv4 paper [37], achieved a much lower 22% accuracy, but at an incredible 443 FPS on the same Tesla V100 [37]. Bochkovskiy, Wang, and Liao proved that object detection could be done in real-time at incredible speeds. 
	YOLO gets its name from the fact that it only needs to look at the input image once to predict which objects are in the image, whereas other algorithms must scan the image several times. The developers of YOLO recognised that other algorithms such as R-CNN were using overly complicated pipelines, in reference to R-CNN, they stated: “These complex pipelines are slow and hard to optimise because each individual component must be trained separately.”[34] They reframed this process, developing a method that allowed the algorithm to generate predictions with a single look at the image, further stating: “Using our system, you only look once (YOLO) at an image to predict what objects are present and where they are. “[34].
The YOLO algorithm and its variants have been proven to work well with pothole detection, many of the previously discussed papers have shown that it can achieve high accuracy [14], [40]. YOLO is available as an open-source algorithm named "Darknet", provided by the original authors of the papers, which makes it incredibly easy to work with [41]. 

3. [bookmark: _Toc87265427][bookmark: _Toc95426175]Single Shot Detector

Single Shot Detector, sometimes called Single Shot Multibox Detector is another highly effective object detection algorithm, it was first published in 2016 by researchers at Google [42]. Similarly to YOLO, SSD was built in an attempt to improve on the likes of Fast R-CNN [17] and Faster R-CNN [19], which were considered to be too computationally intense and too slow for real-time detection. SSD gets its name from the fact that it can detect object in a “single shot”, and “Multibox” coming from the fact that it can detect multiple objects. Like YOLO, SSD only needs to take a single look or “shot” to predict which objects are in the image. SSD can sometimes be referred to as SSD300 or SSD512, this is referencing two different variants of the same model, one trained on 300x300 images, and the other trained on 512x512 images. SSD is a highly effective object detection algorithm, on the Pascal VOC2007 test [43], SSD300 was the only algorithm to achieve above 70% mAP while running at real time speed. SSD512 was also able to achieve an even higher mAP, outperforming all other method whilst obtaining an almost real-time speed [21]. Previous research has showed that SSD can be used to effectively identify potholes in real time [14], [20]. 

3. [bookmark: _Toc87265428][bookmark: _Toc95426176]Faster R-CNN

Faster R-CNN was proposed by Ren et al Like YOLO and SSD, Faster R-CNN has been shown to be effective at detecting potholes with good accuracy [14], [18], [20], however it does not come close to the proven results of SSD and especially YOLO [14], [20]. Faster R-CNN precedes the likes of YOLO and SSD, its downfalls were the reason why both came into fruition. Faster R-CNN built on the previous research of R-CNN [32] and Fast R-CNN [17], it managed to achieve a 73.2% mAP on the Pascal VOC 2007 test, with an average running time of 198ms per image. While Faster R-CNN has been shown to achieve high accuracy scores [19], it simple does not process quick enough for real-time detection due to its two-step method. Running times can be difficult to have a direct comparison to other algorithms as the hardware varies differently. Newer harder is considerably faster, therefore directly comparing the running time per image or frames per second isn’t a fair test. 
Lu, Tianran, Liyao [44], showed that while Faster R-CNN can achieve very high accuracy scores, it cannot compete on detection speed. Their test on real-time pill identification showed that Faster R-CNN achieved the highest mAP of 87.69%, 7.52% higher than YOLO v3 and 5.28% higher than SSD, but did not compare in detection speed, with YOLO achieving 51 FPS, SSD achieving 32 FPS, and Faster R-CNN only achieving 7 FPS. They concluded that YOLO would be the best overall for accuracy and speed, but in cases where just accuracy is required, Faster R-CNN could be a better choice[44].



3. [bookmark: _Toc87265429][bookmark: _Toc95426177]Metrics

There are two main metrics used to measure the performance of an object detection algorithm. The first of these, which the reader may have already seen referenced throughout this paper is mean Average Precision (mAP), the second is Loss.

3. Mean Average Precision

The mean average precision is highly related to recall and precision. The reason for using mean average precision is since you can have varying precision levels at different recall levels, and for multiple classes. For a single class, the Average Precision (AP) can be used, AP is calculated by taking the maximum precision at different recall levels, 10%, 20%, and so on up to 100%, then calculating the mean (average) of the precision. For multiple classes, this must be done for each class in the classifier, the results of which the mean average is then taken of, giving the mAP. For object detection, the mAP can be a little more difficult to calculate as it must take account of cases where the model detected the right class, but in the wrong location [22]. For some datasets and challenges, specific criteria can be set to calculate the mAP such as in the COCO dataset. [38], [39]

3. Loss

Loss is the second type of metric that is commonly referenced when measuring the performance of an object detection algorithm. Loss is a relatively simple metric; it is simply the penalty for a bad prediction. Loss is the number that indicates how bad the model’s prediction was on a single example [45]. Different machine learning algorithms can use different loss functions to measure loss. For example, YOLO uses sum-squared error between the prediction and ground truth based on the loss of both classification of detected images, and the localisation of those images [34]. To put it simply, a lower loss is related to a higher accuracy or precision of the model.

1. [bookmark: _Toc87265430][bookmark: _Toc95426178]Datasets

Datasets are an incredibly important step of any machine learning project. Without a good dataset, a machine learning project is dead in the water. Datasets for image classification and object detection algorithms generally contain many images of the subject matter. For pothole detection, a large number of images of road surfaces with potholes would be expected. For an image classification project, images of different types of road surfaces containing potholes would be ideal. Negative samples are also needed for image classification projects, which in this case would be road surface images without any defects such as potholes. If extra classes were to be classified, such as crocodile cracks, then pictures of the road surface containing those would be required. For object detection projects, the images containing the potholes need to have bounding boxes drawn over each pothole in the image to allow the algorithm to learn the type of content to look for within the image. Object detection algorithms can also use negative samples to aid in learning, although they are not required. Examples of dataset images for image classification, object detection, and instance segmentation can be seen in Figure 5 [46].
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[bookmark: _Ref95171771][bookmark: _Ref95171764][bookmark: _Toc95425983]Figure 5 - Example of dataset images for image classification, object detection, and segmentation [46].

 Luckily, many datasets are provided freely on sites such as Kaggle[47]. Kaggle provides many datasets for different tasks uploaded by the community. Many of the datasets vary in quality, but some examples, such as the Pothole Detection Dataset provided by Kumar [48], can provide a great starting point with a few hundred high-quality images that have the correct tags, ready to be used with object detection algorithms such as YOLO [1], SSD [21] and Faster R-CNN[19]. Often, datasets from other researchers are provided to be openly used, such as from Booysen et al. [49], [50].

4. [bookmark: _Toc95426179]Data Augmentation

Using larger, more varied datasets is widely known as being much better than small datasets for all machine learning operations. Without a varied, large dataset, a trained model can be prone to overfitting, becoming too highly accurate at the specific data it is trained on, meaning it does not generalise or detect other data well [51]. Fortunately, a process known as data augmentation can help provide a large amount of extra training data by slightly editing the original data. An example of this for image data would be rotating the image, scaling the image, or adjusting the contrast or brightness [22]. Generally, the process of data augmentation can help improve accuracy, although significant changes should not be expected – it cannot take a poor dataset and turn it into a great one, but it can make a good one better [22], [51], [52]. Some algorithms, such as YOLO (Darknet) [1], [41], automatically augment the data based on the supplied configuration files to the algorithm, rotating the images in multiple ways, tiling bounding boxes, and adjusting contrast levels. Liu et al. considered data augmentation to be crucial for SSD; when implementing a similar data augmentation process as YOLO [34], they managed to increase mAP by 8.8% [21].

1. [bookmark: _Toc87265431][bookmark: _Toc95426180]Object Tracking

Object detection is the process of detecting objects in an image or video feed, but it is often a requirement to track that identified object as it moves through the scene; this is known as object tracking. Object tracking is commonly used for video surveillance; its use in pothole detection could be helpful as it will stop the duplicate detection or potholes on live video. Object detection in video feeds works on a frame-by-frame basis, meaning that the pothole could be detected in multiple frames. Because of this, object tracking could be used to track the same pothole as the car moves closer to it to stop it from being detected multiple times[53]. Tracking multiple objects can often be called Multiple Object Tracking (MOT) or Multiple Target Tracking (MTT). When tracking multiple objects, a unique number of IDs is assigned to each detection box in the scene to allow the algorithm to detect which object is which throughout multiple frames. There are various methods and algorithms available to achieve object trackings, such as GOTURN [54] (Generic Object Tracking Using Regression Networks), MDNet [55] (Multi-Domain Convolutional Neural Network Tracker) and DeepSORT [56] (Simple Online and Realtime Tracking with a Deep Association Metric)

1. [bookmark: _Toc87265432][bookmark: _Toc95426181]Object Distance			

Another issue with object detection, especially within the realm of autonomous vehicles, is the problem of object distance. A computer cannot tell how close or how far an object is in an image or video; therefore, we need a way of pragmatically calculating it. The use of object distance in pothole detection is beneficial in self-driving cars; this is because if a car wants to take appropriate action, such as slowing down or avoiding the pothole, it needs to know exactly how far away it is. To do this, there are a few methodologies that can be used; stereo vision and lidar are two of the most used, but also deep learning-based methods using monocular images are becoming more prevalent [57], [58] Monodepth (Monocular depth), and Monodepth 2, presented by Godard et al. have shown that it is possible to generate single image depth estimation using self-supervised learning. Figure 6 shows Monodepth 2 being used to estimate the depth of an image with a moving object; it shows that it is superior to other methods and provides relatively good depth estimation.
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[bookmark: _Ref95262386][bookmark: _Toc95425984]Figure 6 - Monocular depth estimation of a single image using Monodepth 2

	Tesla, an automaker renowned for their self-driving capabilities, hashown that it is possible to predict depth estimation by using supervised training techniques that have used radar data as the ground truth distance [59].
	Traditional approaches of distance measuring such as LiDAR (Light Detection and Ranging) and Stereo vision can detect object distance using a mathematical approach. LiDAR can detect images by bouncing a laser off an object and measuring the time it takes to return. LiDAR can be used to create a three-dimensional map of the surroundings, with highly accurate distance measurement for all surrounding objects. While Lidar can produce highly accurate results, the cost of hardware is unrealistic to be widely used in automobiles. Stereo vision is an incredibly cheap method of distance detection, using two cameras placed apart at slight angles to triangulate the distance of an object. Unfortunately, stereo vision quickly loses accuracy at longer distances, Zivingy and Melhum shows that at just 100 centimetres, there was already a 1-2% accuracy decrease [60].



1. [bookmark: _Toc87265435][bookmark: _Toc95426182]Model Deployment

Once a machine learning model has been developed, it must be deployed to become functional. Deployment can range from something as simple as a script that runs it at a set time period to cloud deployment that is integrated into applications. Machine learning models can be run in a standalone fashion. For example, an image classification or object detection model could be run on a single image. Models can also be deployed to servers and integrated with API (Application Programming Images) to allow them to be used remotely. It is also possible to deploy a model to a mobile device, implemented in a mobile application, where the model can be run using the device's hardware.[22]
7. [bookmark: _Toc87265436][bookmark: _Toc95426183]TensorFlow Lite
	
TensorFlow Lite is a set of tools developed by the TensorFlow team that allows developers to run their machine learning models on mobile, embedded, and IoT devices. TensorFlow models can be converted to TensorFlow Lite to reduce their file and memory size; they are optimised for on-device learning. TensorFlow Lite is available for numerous platforms such as Android, iOS and embedded Linux [61]. TensorFlow Lite is handy for mobile devices; plugins are available for common cross-platform development frameworks like Flutter[62] and React-Native, which makes deploying a trained model to a mobile device incredibly easy. 

1. [bookmark: _Toc87265437][bookmark: _Toc95426184]Conclusion

Throughout this chapter, an in-depth analysis of the current research of pothole detection has been discussed. Multiple machine learning techniques have been proven to be useful at detecting potholes, and the efficiency and accuracy of each have been evaluated and compared. YOLO has been shown to be the best overall object detection algorithm, providing high accuracy and speeds fast enough for real-time object detection. Current research has shown that other algorithms such as SSD and Faster R-CNN can also be used for pothole detection, and while their precision can be high, they do not provide the speed that is necessary for real-time pothole detection. If speed was not a factor, it is possible that a highly tuned Faster R-CNN network could prove helpful for pothole detection. Techniques for object distance calculation were discussed, but none were proven to be accurate enough or easily available for the accurate distance detection of potholes. Monocular depth techniques for estimating the depth from a single image were shown to be promising, but in their current state, not accurate enough for real-world usage.

1. [bookmark: _Toc95426185]Research Methodology

2. [bookmark: _Toc95426186]Introduction

The literature review provided information helping identify the critical areas of the project and the best tools and techniques to use for an image classification or object detection project. Based on the information learned in chapter 2, the literature review, appropriate research, and development methodologies had to be selected to carry out the research and development of the project. The aim of this project was to automatically detect potholes in still images and videos using machine learning techniques. One of the main objectives was to evaluate the possibility of running a developed machine learning algorithm on a mobile device and to store the detected potholes in a backend system. For these aims and objectives to be met, the methodology had to be put in place to ensure the correct approach was taken. This chapter will discuss the methodology that was taken during the development of the various components of the project. In this chapter, the general methodological approach for the whole dissertation will be shown, showing the approach, strategy, choices, time horizons, and data collection techniques. Different methodologies will be discussed for the pothole detection and backend systems due to their unique complexities.

2. [bookmark: _Toc95426187]Research Methodology

1. [bookmark: _Toc95426188]Philosophy

This dissertation reflects the principles of positivist philosophy. The positivist paradigm is based on natural science and producing law-like generalisations[63]. Saunders et al. state, “As a positivist researcher you might use existing theory to develop hypotheses” [63]. Within the positivist philosophy, the results produced by the research will be observable and repeatable; if the results cannot be repeated, then the theory would be considered incorrect. Positivism fits the project accurately, as part of this project uses existing theory around object detection techniques and applies them to pothole detection. The intention of this project is to identify and test the best methodology for detecting potholes in the road surface. An approach using the positivism philosophy was selected for this project as it limits the researcher to data collection and interpretation. Data collection within the project included both images of potholes used for the machine learning algorithms and the data results of the algorithms themselves. This data had to be interpreted to determine how effective the project solution was. The data and results gathered were both measurable and reproducible; the precision of the machine learning models can be easily reproduced by using the same models and training process with the same data and hyperparameters. 

1. [bookmark: _Toc95426189]Approach

The project took a deductive approach, as is naturally assumed when using a positivist philosophy. The deductive approach involves developing a theory that is subjected to rigorous testing through multiple propositions. The deductive approach is often used in natural sciences due to the presence of laws that allow the anticipation of phenomena; this is also true of machine learning, where specific hyperparameters can be tuned to produce an expected outcome. The deductive approach is rooted in the idea of putting forward an idea, hypothesis or set of hypotheses to form a theory that should be able to hold up under testable propositions. When using a deductive approach, the proposed theory should be compared with existing literature and theories[63]. Within the project, multiple hypotheses were put forward to form the basis of developing the machine learning algorithms. Machine learning algorithms will react to specific changes in hyperparameters or data; for example, within the project, it was possible to hypothesise that data augmentation would improve precision. This hypothesis was easily testable by augmenting the data then training the model once again on the same hardware.

1. [bookmark: _Toc95426190]Strategy

An experimental strategy was considered most suitable for the development of the pothole detection algorithm. The experimental strategy is suited perfectly, as to develop a machine learning algorithm, it must be trained multiple times whilst tweaking many different variables and hyperparameters, along with changes to the training data. Each new experimental training stage of the machine learning algorithm would be based on a hypothesis – which further proves the suitability of the positivist philosophy and deductive approach. During each training stage, it would be hypothesised that a specific change, be it image resolution, data augmentation, or other hyperparameters, would improve the precision of the algorithm. 
	The exploratory strategy was also suitable for the project, as the machine learning methods and algorithms used were already well known and have even been used for pothole detection. The project did not provide any new methodologies towards object detection itself, just its use in pothole detection. However, the experimental strategy was considered more suitable due to the nature of training the machine learning algorithm and the fact that multiple experiments would be carried out during that process. The development of the backend system and the mobile app took an exploratory approach, although they were not the project's major components. 

1. [bookmark: _Ref95336316][bookmark: _Ref95336337][bookmark: _Ref95336616][bookmark: _Ref95336756][bookmark: _Toc95426191]Data Collection and Analysis

The data collection for a machine learning project is a little different to what is expected in most scientific research. In the case of computer vision, many images of the problem area must be collected to allow the algorithms to learn effectively. Although numerical data were collected for the evaluation of each tested algorithm, these were merely the results of the testing and development of the image classification and object detection algorithms. Images for the machine learning dataset were from a combination of primary and secondary sources. 
The primary collection of data for this project came from secondary sources due to the nature of the required data—freely available datasets of road and pothole images collected from sites such as Kaggle and Google Images. Image of potholes were also collected from areas local to the researcher by mounting a smartphone to the dashboard of a motor vehicle. Driving around the local area of Pembrokeshire, recording video of the road surface allowed the extraction of individual frames that contained potholes. The collection of primary sources of the image was limited due to the sparsity of potholes in the local area. Multiple different sources of pothole images were combined to create a single, large dataset. Previous research into pothole detection by the likes of Booysen [49], [50] , openly provided their datasets for the use of other researchers. The dataset provided by Booysen provided a great starting point as it had already been shown to be highly effective. The addition of other datasets, images from various locations collected from Google Images, and manual imagery allowed the dataset to be more varied.
For the development of the CNN, images simply needed to be sorted into two separate folders – one that contained images of potholes and another that contained images of the road surface that did not contain potholes. To allow the images to be usable within the YOLO algorithm that was selected for the project, the locations of each pothole within the images needed to be tagged (as shown in Figure 5). A tool known as LabelImg[64] was used to tag the images, it provides a simple graphical user interface that allows the user to drag a box over the specified region of the image and select a label for that region. In this case, a region over the pothole was selected and labelled “pothole”. An example of LabelImg being used for object tagging can be seen in Figure 7.
[image: Demo Image]
[bookmark: _Ref95393207][bookmark: _Toc95425985]Figure 7 - Tagging images in LabelImg is as simple as dragging a box over the target [64]
Analysis of the data was a time-consuming manual process. The data provided by Booysen et al.[49], [50] had already been cleaned and checked for quality. For every other collected image, including those manually taken, duplicate checking had to take place, ensuring the image wasn’t used more than once. Images from Google Images were scraped using a custom tool written in Python; whilst this collected a large number of images very quickly, the quality of each image varied, and many duplicates were found. 

2. [bookmark: _Toc95426192]Development Methodology

A development methodology needed to be chosen to ensure that the progress of the development ran smoothly. An agile software development methodology was used during the development of the project. A commonly used agile methodology known as Scrum is highly used in modern times for software development. The Scrum methodology is highly suited to this type of project; however, Scrum requires a team of more than a single person. In its usual implementation, Scrum consists of a product owner, Scrum Master, and scrum team. Scrum describes the entire development process, from user stories to development to delivery. Scrum is very opinionated in its structure; every role needs to be filled to carry out effective, complete implementation of Scrum.  A single person would not be able to effectively fulfil each of the Scrum roles at the same time; because of this, an alternative agile strategy known as Kanban was used. Kanban has a very similar structure to Scrum in terms of the development processes. Both Kanban and Scrum are based on visualising the data provided by user stories to guide the development process. Within each, the project begins with creating user stories that explain the features that the end-user would expect. User stories are turned into tasks that the developer(s) of a project carry out. Kanban and Scrum both use “boards” to visualise the current tasks that are in process[65]; this process can be seen in Figure 7. Every task starts off in a store known as the backlog. From there, a developer can choose a specific task to work on, at which point it is moved into the “Development” or “In Progress” column. One of the key differences between Scrum and Kanban is that Scrum splits the development cycle into multiple “sprints” that are used to work on specific releases of the software, whereas Kanban is used for the whole project cycle[65].
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[bookmark: _Ref95349178][bookmark: _Toc95425986]Figure 8 - A Kanban board being used for Software Development
 
The Kanban approach was suitable for the development of the project as it provided the core agile ideas of Scrum without the extra overhead or requirement of multiple personnel. The software development process started with a selection of tasks relating to the required features of the mobile application and backend pothole logging system. As they were both intended to be linked together, it made sense to work on the backend system first to create an API for the app to detect to. Tasks for both the mobile application and backend system could be put into the backlog or “To Do” list and worked on as and when necessary. The main feature of using a Kanban process was that it allowed the researcher to add tasks if additional components or requirements were thought of.

2. [bookmark: _Toc95426193]Machine Learning Methodology

A different methodology was used for the development of the machine learning algorithm(s). A different approach to traditional software development was required because of the complexities and differences of a machine learning project. Machine learning is not a straightforward development process where the components are known, and the developer has a backlog of tasks such as those used for the mobile application and backend system. A big part of a machine learning project is the tuning and experimentation that is required. Machine learning methodologies are not well documented; however, IBM has published the "Foundational Methodology for Data Science" [66] which covers all types of data science, including machine learning. The straightforward development lifecycle of the IBM method closes matches the machine learning project checklist proposed by Geron [22], but with a more developed, business-orientated cycle.  The checklist proposed by Geron [22] gives lower level, more specific details into exactly how to carry out the machine learning project, whereas the methodology outlined by IBM gives a higher-level business orientated overview and provides a more in-depth description of each stage [66].

[image: The IBM Foundational Methodology for Data Science. Source: [5].]
[bookmark: _Ref95342532][bookmark: _Toc95425987]Figure 9 - The IBM Foundational Methodology for Data Science Stages [66]

	The first stage of the IBM foundational methodology is the business understanding; although the research was not business-related, the business understanding can still be considered. In this case, the business understanding is simply the requirement to detect potholes in the road surface accurately.
	The analytical approach stage involves expressing the problem in terms of machine-learning techniques[66]. For the approach of pothole detection, two models were intended to be developed, a CNN model for image classification and an object detection model using YOLO. The analytic approach here was to build, test, and implement both the classification model and object detection model. The full design and implementation of the models and selection of the specified image classification and object detection algorithms will be discussed in the following chapter.
	Data requirements for this project have already been covered in the “Data Collection and Analysis” section. The data requirements for this project were simply images of the road surface, both with and without potholes for positive and negative data. The only data requirements for the development of the model were the images.
	In the data collection stage, it is the task of the data scientist to identify and gather the resources that were specified in the previous data requirements stage. The methodology for collecting data has also been covered in the “Data Collection and Analysis” section. Data collection involved collecting the positive and negative pothole data. Secondary sources were used, such as existing datasets from other research papers and from open-source sites such as Kaggle[47], [48]. A custom script for scraping images from Bing images was also used. Primary sources of images involved a car-mounted smartphone recording video of the road ahead, from which individual frames of potholes were extracted from. The image scraping process will be further described in the following chapter.
	In stage 5, the data understanding stage, the idea is to use statistics and visualization techniques to access the data's quality and discover insights. For a computer vision project, data cannot be so easily visualised, hence why the manual process of checking the images was described previously in the “Data Collection and Analysis” section.
	The data preparation stage aims to use the previous stage's understanding to carry out activities such as data cleaning, removing duplicates and combining data from multiple sources [66]. Duplicate image removal was carried out, and multiple datasets were combined; this process is also further described in the “Data Collection and Analysis” section. If the data collected is found to be insufficient, the researcher can circle back into the data collection stage; this can be seen clearly in Figure 7.
	Stage 7 of the methodology is the modelling stage; this is where the process of training the machine learning models take place. The data has been collected and prepared and can now be used for training the model [66]. Within the project, this is where the pothole classification and YOLO based object detection models were trained. If the results of the training are poor, and the researcher feels the need to move back to the data preparation stage, it is possible at this point. From the data preparation stage, the researcher can also return to the data collection stage. Once the results of the model are considered sufficient, the researcher is able to move onto the evaluation stage.
	In the evaluation stage, the researcher gets the chance to evaluate the resulting model before it is deployed. In this stage, the model is compared to the goals set out in the business understanding stage [66]. A separate set of data that has not been used for the training of the model, known as the validation set, can be used here to evaluate its effectiveness on different data; this is to prevent data bias [22].
	Once the model has been evaluated and is confirmed to be helpful for the business understanding, it can move into the deployment stage. Within the deployment stage, the model is deployed to a live environment. The pothole model(s) would be deployed to the developed mobile application during this stage.
	In the final stage of the IBM model, feedback on the performance of the deployed model is gathered. This is where the model's performance deployed in the mobile application would be evaluated. If the mobile application was connected to the described backend data system, this would simply be done by evaluating the collected data in the backend system.

2. [bookmark: _Toc95426194]Conclusion

This chapter has provided the reader with an overview of how the methodology of used to develop the components of the project. The data collection techniques were discussed, The Kanban approach to software development was explained, showing how it was used for the development of the 



1. [bookmark: _Toc87265439][bookmark: _Toc95426195]Design and Implementation

3. [bookmark: _Toc95426196]Introduction

This section will introduce the reader to the design and implementation of the project. A design for a proposed road monitoring system will be shown that explains how the pothole detection algorithm, mobile application, and backend system will integrate with each other.

3. [bookmark: _Toc87265440][bookmark: _Toc95426197]Design

Every good piece of software starts with a design; without an in-depth design process, it can be hard to get a grasp of how different aspects of a software project will integrate with each other. The design process included requirements formulation, data flow diagrams, user stories, and systems architecture. The minimum viable product for this project is an object detection or image classification model that can accurately detect potholes in images or videos through a sequence of frames. Additional features that would be considered useful would be a mobile application that can run the model at a minimum of 14 frames per second for live object detection. 

1. [bookmark: _Toc95426198]Requirements

Before the development of any of the systems could start, the requirements had to be set out. For the machine learning algorithm, this was relatively straightforward, the classification model would need to be able to detect potholes accurately, and the object detection model would need to both be accurate and have fast run times to be used on real-time video. For the development of the mobile application and backend system, the requirements were a little more complex. 
As a Kanban approach chosen, as described in the “Selected Development Methodology” section, numerous user stories had to be created. Some examples of the user stories for general users of the mobile app and monitoring system include:
a) As a user, I want to be able to detect potholes with my smartphone so that they can be recorded.
b) As a user, I want to be able to view potholes on a website so that I can see the current state of the roads.
c) As a user, I want to be able to filter potholes by area so that I can see the potholes in my local area.
d) As a user, I want to be able to report potholes manually so that I can submit potholes that haven’t been picked up automatically.

User stories were also developed from the point of view of a system administrator – this could be someone working in a council that has access to the recorded potholes in a specific area. Some examples include:

a) As a system administrator, I want to be able to update the status of a pothole so that users known if it has been repaired.
b) As a system administrator, I want to be able to delete detected potholes so that I can remove invalid submissions.
Each user story can be broken down into several tasks; for example, story c) for the user could be broken down into:
· Define filter form styling and develop relevant CSS classes.
· Develop HTML and JavaScript form functionality for filtering.
· Develop validation code for filtering.
Each task can also have more information contained; for example, the validation code for filtering may specify that postcodes should be a specific length or format. Or, for the HTML and JavaScript functionality, regions should be supplied in dropdowns to make it easier for the user.

	More basic requirements for the project also included:
· 

1. [bookmark: _Toc95426199]Pothole Monitoring System

Throughout this paper, multiple systems have been discussed. Machine learning algorithms have been mentioned for the use of pothole detection, a mobile application for running the algorithm, and a backend system for storing the resulting detection. Each system is designed to be part of one larger, overarching system architecture.  The requirements of each system have already been discussed in the previous section, but the design of how they integrate needed to be conceptualised. A basic system architecture diagram was created to do this. The originally proposed architecture for the pothole monitoring system, which combines the machine learning algorithm, mobile application, and backend system, can be seen in Figure 9. The proposed system consisted of five different systems. This high-level overview of the system consisted of five individual systems that connected to each other. A mobile application was proposed to run the pothole detection algorithm; detected potholes would then be sent to a web server which would put the data in a database, and pothole

1. Data Flow Diagrams

Two data flow diagrams were created to help get an understanding of a high-level overview of the flow of data. The first of these was a context level diagram, otherwise known as a level 0 diagram. The context level diagram is very simple; it simply shows how the different types of users interact with the system and how the data is stored. An image of the context level diagram can be seen in Figure 10. Two types of users were displayed here, web application users and mobile application users. These describe the two basic systems that will interact with the backend pothole management system. The mobile application is where the machine learning models are designed to run, and the web application will allow users to view detected potholes in an interactive way.
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[bookmark: _Ref95401530][bookmark: _Toc95425988]Figure 10 - The Level 0 Data flow diagram designed for the Pothole Management System

A level one data flow diagram was also created for the system to get a further understanding of the processes that are involved with both the mobile application and web application. The level one data flow diagram can be viewed in Figure 11. The mobile and web application users are still visible at the level. However, the individual processes that they interact with can be viewed. The processes in the diagram are represented by circles; the data flow diagram makes it easy to see how the individual process will interact with other parts of the system, such as the database and file store.
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[bookmark: _Ref95401680][bookmark: _Toc95425989]Figure 11 - The level one data flow diagram for the Pothole Management System

Data flow diagrams only show the flow of data between the individual components, users, and processes of the software. They do not determine the software and technologies used in the development of each system.



3. [bookmark: _Toc87265441][bookmark: _Toc95426200]Implementation

2. [bookmark: _Toc95426201]Pothole Image Classification using Convolutional Neural Networks

With the design of the application complete, the implementation process could begin. The first component to be developed was an image classification model. The image classification model was selected as previous research had shown it to be highly accurate at detecting potholes [11], [13].
	To develop the image classifier, TensorFlow, a Python library for numerical computing and the development of machine learning models, was chosen. TensorFlow along with the Python programming language, make it incredibly easy to start the training and development of a CNN. Google Collaboratory was used as a development environment for training the model; it provides a Jupyter notebook environment that allows researchers to comment and run Python code easily. Google Collaboratory allows researchers to run the environment on Google servers; they provide free access to numerous fast CPUs and GPUs, which makes the development cycle much easier.

0. Dataset

Before the training of the model could begin, a dataset of pothole images needed to be created to be created. To do this, a simple Python script that integrated with the Bing search API [67] the code for this script can be seen in Appendix A. The script would take in a search term and call the Bing search API to retrieve the relevant image URLs, which it would then download the images from. Once an image was downloaded, a mean of the pixel values for the images was stored in an array, so that when subsequent images were downloaded, the mean values for the two images could be compared for basic duplicate checking.
	With a large number of pothole images pulled from Bing images, the manual process of data validation began. Every image downloaded was manually checked for relevancy (whether they contained potholes) and thoroughly checked for any duplicates that might have slipped past the novel duplicate detection algorithm. The scraped dataset was combined with an openly available dataset from Kaggle[48], which gave a nicely varied dataset of images.


0. Model Training

Model training can be a long process; training times for neural networks vary highly depending on the depth and complexity of the model and the hardware that they are trained. Training on a graphics processing unit (GPU) versus a central processing unit (CPU) can reduce the training time massively.  As Google Collaboratory was used, access to a powerful GPU was possible, which made the training time incredibly fast.
	The model started out with just a few layers; previous research had shown that it should be possible to achieve high accuracy without an overly complex network. A few models were run, each provided a high accuracy score, but the number of epochs trained was modified until reaching a correct point. The first test used an epoch of thirty and managed to get up to a very impressive 97% accuracy score by epoch 22, along with a validation accuracy of 87.41%. The full results for this model can be seen later in the paper in Figure 16.  The architecture for the image classifier can be seen in Figure 12. You will see that the architecture of the model is simple and shallow; it only uses two convolutional layers, each with a max-pooling layer directly after. The total trainable params can be seen to be around 3.7million.
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[bookmark: _Ref95414366][bookmark: _Toc95425990]Figure 12 - The Pothole Classifier Model Architecture

2. [bookmark: _Toc95426202]Pothole Object Detection using You Only Look Once

The literature review proved that the YOLO algorithm would be the most suitable object detection algorithm for pothole detection. Google Collaboratory was used again for training due to its ease of access to powerful processing power.

4.3.2.2. Dataset

The dataset used for the object detection started with the same dataset that had been used for the image classifier. The negative images were kept, but the positive (images containing potholes) had to have each individual pothole tagged. The YOLO algorithm, live most machine learning algorithm benefits from having as many objects as possible to train on. A user on YouTube had provided dashcam footage of a strip of road in Canada that was 42 miles long and containing a huge number of potholes [68]. To increase the size of the dataset, this dashcam footage was downloaded, and a python script was used to extract individual frames from the dataset. The extracted frames from the dashcam footage provided hundreds of additional high-quality images. Images from a dashcam perfectly suited the project as the idea was to implement the developed object detection model into a mobile app, which would be run on a dashboard-mounted smartphone. The code for the frame extraction script can be seen in Appendix B. Object tagging was carried out on the positive image samples using LabelImg, as described in the methodology section.

1. Model Training

The YOLO algorithm involves a much deeper, complex neural network than what was used for the image classifier. To get a sense of the scale between YOLO and the custom CNN developed in the previous section, the built-in network of YOLOv4 is comprised of 137 pre-trained convolutional layers, YOLOv4-tiny is comprised of 29 pre-trained layers. The CNN pothole classifier could be trained in less than an hour, whereas the training time for the full YOLOv4 network took around twenty hours on the same hardware provided by Google Collaboratory.
For the first training model, the images extracted from the dashcam footage were excluded. Instead, just the images used in the previous image classification stage were used. Existing research has shown that a resolution of 608x608 and 832x832 produced highly accurate results [14], [15]. Due to RAM (Random Access Memory) limitations on the Google Collaboratory hardware, the first model had to be trained at the slightly lower resolution of 416x416. This means the images would lose a bit of data that could affect how the model performs. The batch was set to 64, with subdivision set to 8. The first model produced very good results, achieving a mAP of 70.03%. Results of running this algorithm on a test image taken by the researcher can be seen in Figure 13.
Although the first model achieved relatively high accuracy, this was not as high as other researchers had already proven. A second model was developed; this time, the Google Collaboratory hardware was upgraded through a “pro” subscription that gave the researcher access to better hardware. This time an application known as DarkMark, developed by Stephane Charette[69] was used to make it easier for the researcher to tweak the hyperparameters and get a more visual overview of how the network was configured. The second model used a resolution of 608x608, a batch of 64, and subdivisions set to 1. The additional hardware speed and resources allowed this model to run at a much high resolution, which the researcher theorised should improve results—this model had an incredible mAP of 87.7%.
Following on from the incredible results of the previous YOLO model, an implementation of the YOLOv4-Tiny algorithm took place. The YOLOv4-Tiny algorithm is known for having lower accuracy scores but can run at incredibly fast speeds, making it possible to run in real-time. The hyperparameters were kept the same for this model, but the architecture used the much less dense YOLOv4-Tiny pre-trained layers, comprising of only 29 layers rather than the full 137. This version of the model managed to achieve high accuracy of 72.3%. The training time of this model was considerably shorter than the prior full YOLO-v4 models due to the reduced complexity.
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[bookmark: _Ref95420776][bookmark: _Toc95425991]Figure 13 - Results of running the trained Pothole Detection method on an Image collected by the researcher

2. [bookmark: _Toc95426203]Mobile Application

A mobile application was created as part of the research to test how the developed pothole detection models would perform in a real-world environment and test the possibility of them being used in a smartphone mounted to a car’s dashboard. A basic mobile application was created using the Flutter[70] cross-platform framework that integrated TensorFlow Lite [61]to allow it to run machine learning models. The implementation of the mobile application was basic, it simply allowed the user to select an image from their library, which the specified model would then run on to make predictions. For testing purposes, the developed image classification model was embedded into the application. In a real-world environment, it is possible to deploy models to the cloud and load them from a URL; this would allow the application to download the latest version of the model without the user updating the application.
	The TFLite library for Flutter was used to load the TensorFlow Lite model that had been exported from the pothole classification model. TFLite requires a few parameters for setup, such as the certainty threshold that a pothole will be detected at and the labels that were used during training. The mobile application allowed the user to select an image to be evaluated by the model; a function was made that took an image file as a parameter and would run the model against the image. Within the function, a simple if statement would check if any results were found; if they were, the app would log the GPS location. The code for running the image classification against the model and for retrieving the GPS location of the mobile device can be seen in Appendix D.
	The developed mobile application was able to quickly and easily run the image classification model and produce good results. Figure 14 shows the application in use, one screen displayed is before an image has been selected in the application, and the other is after the image has been selected by the user, and the model has evaluated the image. In this case, the image was correctly identified as a pothole with 94% certainty.
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[bookmark: _Ref95420083][bookmark: _Toc95425992]Figure 14 – The developed Mobile Application running a Pothole Detection CNN


2. [bookmark: _Toc95426204]Backend System

A backend system needed to be developed to allow the mobile application to make the recorded data publicly available. The implementation of the backend system was developed using .NET 6.0 [71] to create a REST (Representational State Transfer) API that allowed users to upload pothole location and times of recording. The backend system was designed to be implemented with the mobile application; the functionality of the mobile application that detects potholes and records GPS location was intended to push that data to the backend system by using the REST API. Endpoints to get the currently stored potholes, add a pothole detection, delete a pothole detection, and update a pothole detection were all implemented into the API. Due to the limitations of the researcher, the backend API did not use an SQL Database or Amazon S3 file storage instead, a simple in-memory repository and local file storage were used as a proof of concept of the API.

3. [bookmark: _Toc95426205]Conclusion

This chapter has provided the reader with an overview of how the implementation of the machine learning algorithms was achieved. The software and tools used for each stage of the development process were discussed. The next chapter will take a further look into the results of the machine learning algorithms and the resulting applications.
1. [bookmark: _Toc87265442][bookmark: _Toc95426206]Results and Discussions

4. [bookmark: _Toc95426207]Introduction

This section will discuss the results and findings of the individual components of the research project. The accuracy and precision scores of the machine learning models will be contrasted and compared to finding by other researchers and will be evaluated for their reliability in real-world scenarios. A discussion of the mobile application and backend system will be carried out, stating their usage and how they were to be integrated with the rest of the system.

4. [bookmark: _Toc95426208]Image Classification Results

The developed image classification model provided outstanding results. The accuracy peaked at 96%, with an 86% validation accuracy. This supports previous research that also managed to achieve accuracy in the 90% range [11], [13], [72]. The image classification model was a very simple CNN comprising of only two convolutional layers and max-pooling layers. A chart of the results for the image classifier can be seen in Figure 15. The results of the training can also be seen in Figure 16, which contains the output of the model that whilst it was training, the loss, accuracy, validation loss, and validation accuracy can be clearly seen here. It must be noted that the accuracy of the model quickly gets into the 90s before levelling out around 95-96%. The results of this simple network are nothing short of astounding. However, further real-world testing would give the model a true test. More images from dashcam footage and real-world driving in different conditions would give a more accurate test of the model for real-world scenarios.
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[bookmark: _Ref95422094][bookmark: _Toc95425993]Figure 15 - The results of the pothole image classification model
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[bookmark: _Ref95422190][bookmark: _Toc95425994]Figure 16 - The result of each epoch of the trained CNN.

4. [bookmark: _Toc95426209]Object Detection Results

The results of the developed YOLO object detection algorithm exceeded expectations. The first model developed close to being on par with existing research. This first model performed exceptionally well on multiple road surface types, even on non-asphalt roads such as in Figure 13. As the first attempt, has high mAP was achieved, and testing on images taken by the researcher proved it to be accurate. For reference, the images used for the training data were a combination of images taken from the internet and from extracted frames of dashcam footage taken at an unknown location in Canada[68]. The training images were entirely different from what was tested by the researcher, which proves that the model can generalise well at pothole detection. The results for the first model can be viewed in Figure 17; note the strange drop off in mAP around the 1600 iteration mark; this phenomenon was unable to be explained by the researcher. Despite this weird behaviour, this model performed well and was considered a success.
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[bookmark: _Ref95424054][bookmark: _Toc95425995]Figure 17 - The results of the first YOLOv4 training model

	The second model developed for using YOLOv4, with a higher resolution, provided a much higher mAP of 87.7%, which outperformed previous research by Ping et al., whose model had already achieved an impressive 82%. The results shown by the researcher confirm that the YOLO algorithm is highly effective at pothole detection. Images of the model being tested on several images can be seen in Appendix E. In testing, despite the higher mAP, this version of the model did not perform so well on the images taken by the researcher. The theory behind this is due to the addition of the extracted dashcam footage. The footage provided a large number of additional images of specifically asphalt roads, which might have given the model more of a bias. YOLO documentation states that at least fifty types of similar images should be provided to get accurate detection. Very few gravelled road images were provided in the second version of the model, which could have caused it to generalise slightly worse while still providing a much higher overall accuracy.
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[bookmark: _Toc95425996]Figure 18 - The results of the second YOLOv4 training model

	The final developed model was the YOLOv4-Tiny model. This model performed extremely well, even better than the first model, which used the full architecture. Although testing was never carried out with this model for use in the mobile application, the nature of the architecture means that it will run a lot faster than with the full network. The results are given by this model still achieved an impressive 72.3% mAP. The full results for this model can be seen in Figure 19.
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[bookmark: _Ref95424864][bookmark: _Toc95425997]Figure 19 - The results of the YOLOv4-Tiny model

4. [bookmark: _Toc95426210]Mobile Application/Backend System Discussion

While the development of the mobile application didn’t reach the ideal outcome of running the object detection model on live footage, it did provide a way of testing a machine learning model on a mobile device as a proof of concept. The image classification model was able to run quickly and easily on a selected image by the user, almost instantaneously providing an outcome on whether the image contained a pothole or not. The GPS location was shown to be easily retrieved on successful identification of a pothole in an image. Future developments would allow the collected data to be pushed to the developed backend system on successful identification of a pothole.
1. [bookmark: _Toc87265443][bookmark: _Toc95426211]Conclusions and Recommendations

This paper has further proven that convolutional neural networks and object detection methods such as YOLO can be used to detect potholes effectively and accurately on the road surface. An incredible accuracy of 96% was provided by the image classification model, which supported previous research showing that CNN’s can be used for accurate pothole detection. The YOLO algorithm was shown to be able to accurately detect multiple potholes in an image, providing a mAP of 87.7%. The findings of the YOLO algorithm also supported previous literature and research that showed its effectiveness at pothole detection. A mobile application was created that could run the developed potholed detection CNN on an image selected by a user. The mobile application was shown to be a viable method of running machine learning models.
The YOLO/darknet algorithm is highly recommended for pothole detection. Image classification and object detection could be used together to create an optimal combination of methods to provide fast and accurate pothole detection on a low-end device in real-time; the detected image could be sent to a server for further processing using object detection that can detect exactly how many potholes and potentially the severity of those potholes.


5. [bookmark: _Toc95426212]Future Work

There are many areas that the researcher would like to have developed further in the project. To further progress this project, the detecting of other objects such as crocodile cracks, maintenance hole covers, speed bumps, or road ramps could prove useful. If the algorithm were to run in real-time, the computer needs to be able to track a pothole as it moves across the screen to stop it from being scanned twice. A process of duplicate pothole detection on the backend server could also be helpful to stop the same pothole from being scanned multiple times by different drives.
	Suspension sensors or accelerometer data alongside GPS would give a more accurate pothole location than image detection does as it happens underneath the car at the exact moment, whereas camera-based pothole detection happens in front of that with a distance ranging anywhere between 10 and 100 meters. Camera-based detection is more of a necessity for self-driving cars or as a pre-warning system for drivers as they need to slow down or avoid the pothole.
Lane segmentation could be used as a pre-filter, so the model is only detecting potholes in the current lane; this would stop audible alerts if potholes were detected in the oncoming lane.

Additional research could be carried out by combining multiple of the machine learning techniques outlined in this paper, an optimal combination of image classification, object detection, and accelerometer-based detection could be used. 

Further development of the backend server could allow the mobile application to pass data via the built-in mobile network in real-time about the road conditions. Further app development could allow the driver to be notified of upcoming potholes and the ability to view them on an embedded app.

1. [bookmark: _Toc87265445][bookmark: _Toc95426213]Conclusion
  
This dissertation has provided the development of multiple machine learning algorithms for the detection of potholes in the road surface. The accuracy and efficiency of machine learning algorithms have been proven to be ready for real-world production in a monitoring system. An architecture for a road condition monitoring system has been suggested, with multiple components such as a backend web server and mobile application that can be integrated with machine learning algorithms are viable solutions to monitoring the state of roads across the world.
The findings of this paper have further evaluated and proved the effectiveness of convolutional neural networks and object detection in the identification of potholes in the road surface. A sample dataset has been created that can be used for future research and machine learning models.


[bookmark: _Toc87265446][bookmark: _Toc95426214]References

[1]	A. Bochkovskiy, C.-Y. Wang, and H.-Y. M. Liao, “YOLOv4: Optimal Speed and Accuracy of Object Detection,” Apr. 2020, Accessed: Feb. 07, 2022. [Online]. Available: https://arxiv.org/abs/2004.10934v1
[2]	Asphalt Industry Alliance, “Annual Local Authority Road Maintenance Survey 2021,” Mar. 31, 2021. https://www.asphaltuk.org/wp-content/uploads/ALARM-survey-2021-FINAL.pdf (accessed Feb. 05, 2022).
[3]	Kwik Fit, “Cost of Pothole Damage Rises Despite Huge Drop in Mileage | Kwik Fit,” Mar. 31, 2021. https://www.kwik-fit.com/press/cost-of-pothole-damage-rises-despite-huge-drop-in-mileage (accessed Feb. 05, 2022).
[4]	“Pothole Detection System - Ford Technology | Ford UK.” https://www.ford.co.uk/shop/research/technology/safety-and-security/pothole-detection-system (accessed Nov. 07, 2021).
[5]	“Innovative Pothole Detection System Irons Out the Bumps for All-New Ford Focus Drivers | Ford of Europe | Ford Media Center.” https://media.ford.com/content/fordmedia/feu/en/news/2018/06/28/innovative-pothole-detection-system-irons-out-the-bumps-for-all-.html (accessed Nov. 08, 2021).
[6]	“Jaguar Land Rover Announces Technology Research Project To Detect, Predict And Share Data On Potholes | JLR Corporate Website.” https://www.jaguarlandrover.com/news/2015/06/jaguar-land-rover-announces-technology-research-project-detect-predict-and-share-data (accessed Nov. 08, 2021).
[7]	“Look out, pothole! Mercedes-Benz further expands Car-to-X communication - Daimler Global Media Site.” https://media.daimler.com/marsMediaSite/en/instance/ko.xhtml?oid=50998304&relId=1001&resultInfoTypeId=175#prevId=50998439 (accessed Nov. 08, 2021).
[8]	T. Kim and S.-K. Ryu, “Review and Analysis of Pothole Detection Methods,” Journal of Emerging Trends in Computing and Information Sciences Review and Analysis of Pothole Detection Methods, vol. 5, no. 8, 2014, Accessed: Nov. 07, 2021. [Online]. Available: http://www.cisjournal.org
[9]	C. Wu et al., “An automated machine-learning approach for road pothole detection using smartphone sensor data,” Sensors (Switzerland), vol. 20, no. 19, pp. 1–23, Oct. 2020, doi: 10.3390/S20195564.
[10]	A. Mednis, G. Strazdins, R. Zviedris, G. Kanonirs, and L. Selavo, “Real time pothole detection using Android smartphones with accelerometers,” 2011 International Conference on Distributed Computing in Sensor Systems and Workshops, DCOSS’11, 2011, doi: 10.1109/DCOSS.2011.5982206.
[11]	Aparna, Y. Bhatia, R. Rai, V. Gupta, N. Aggarwal, and A. Akula, “Convolutional neural networks based potholes detection using thermal imaging,” Journal of King Saud University - Computer and Information Sciences, 2019, doi: 10.1016/J.JKSUCI.2019.02.004.
[12]	G. M. Jog, C. Koch, M. Golparvar-Fard, and I. Brilakis, “Pothole properties measurement through visual 2D recognition and 3D reconstruction,” Congress on Computing in Civil Engineering, Proceedings, pp. 553–560, 2012, doi: 10.1061/9780784412343.0070.
[13]	W. Ye, W. Jiang, Z. Tong, D. Yuan, and J. Xiao, “Convolutional neural network for pothole detection in asphalt pavement,” Road Materials and Pavement Design, vol. 22, no. 1, pp. 42–58, 2021, doi: 10.1080/14680629.2019.1615533.
[14]	A. al Shaghouri, R. Alkhatib, and S. Berjaoui, “Real-Time Pothole Detection Using Deep Learning,” Jul. 2021, Accessed: Nov. 08, 2021. [Online]. Available: https://arxiv.org/abs/2107.06356v1
[15]	J. Dharneeshkar, S. Dhakshana, S. Aniruthan, R. Karthika, and L. Parameswaran, “Deep Learning based Detection of potholes in Indian roads using YOLO,” Proceedings of the 5th International Conference on Inventive Computation Technologies, ICICT 2020, pp. 381–385, Feb. 2020, doi: 10.1109/ICICT48043.2020.9112424.
[16]	Y. Jo and S. Ryu, “Pothole detection system using a black-box camera,” Sensors (Switzerland), vol. 15, no. 11, pp. 29316–29331, Nov. 2015, doi: 10.3390/S151129316.
[17]	R. Girshick, “Fast R-CNN,” in 2015 IEEE International Conference on Computer Vision (ICCV), 2015, pp. 1440–1448. doi: 10.1109/ICCV.2015.169.
[18]	L. Luo, M. Q. Feng, J. Wu, and R. Y. Leung, “Autonomous pothole detection using deep region-based convolutional neural network with cloud computing,” Smart Structures and Systems, vol. 24, no. 6, pp. 745–757, Dec. 2019, doi: 10.12989/SSS.2019.24.6.745.
[19]	S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” undefined, vol. 39, no. 6, pp. 1137–1149, Jun. 2015, doi: 10.1109/TPAMI.2016.2577031.
[20]	P. Ping, X. Yang, and Z. Gao, “A Deep Learning Approach for Street Pothole Detection,” in 2020 IEEE Sixth International Conference on Big Data Computing Service and Applications (BigDataService), Aug. 2020, pp. 198–204. doi: 10.1109/BigDataService49289.2020.00039.
[21]	W. Liu et al., “SSD: Single Shot MultiBox Detector,” May 2016, vol. 9905, pp. 21–37. doi: 10.1007/978-3-319-46448-0_2.
[22]	A. Geron, Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow: Concepts, Tools, and Techniques to Build Intelligent Systems, 2nd ed. O’Reilly Media, Inc., 2019.
[23]	D. H. Hubel, “Single unit activity in striate cortex of unrestrained cats,” undefined, vol. 147, no. 2, pp. 226–238, Sep. 1959, doi: 10.1113/JPHYSIOL.1959.SP006238.
[24]	D. H. Hubel and T. N. Wiesel, “Receptive fields of single neurones in the cat’s striate cortex,” undefined, vol. 148, no. 3, pp. 574–591, Oct. 1959, doi: 10.1113/JPHYSIOL.1959.SP006308.
[25]	D. H. Hubel and T. N. Wiesel, “Receptive fields and functional architecture of monkey striate cortex,” The Journal of Physiology, vol. 195, no. 1, pp. 215–243, Mar. 1968, doi: 10.1113/JPHYSIOL.1968.SP008455.
[26]	K. Fukushima, “Neocognitron: A self-organizing neural network model for a mechanism of pattern recognition unaffected by shift in position,” undefined, vol. 36, no. 4, pp. 193–202, Apr. 2004, doi: 10.1007/BF00344251.
[27]	Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learning applied to document recognition,” Proceedings of the IEEE, vol. 86, no. 11, pp. 2278–2323, 1998, doi: 10.1109/5.726791.
[28]	A. Khan, A. Sohail, U. Zahoora, and A. S. Qureshi, “A survey of the recent architectures of deep convolutional neural networks,” Artificial Intelligence Review, vol. 53, no. 8, pp. 5455–5516, Dec. 2020, doi: 10.1007/S10462-020-09825-6.
[29]	Y. Wang, Y. Li, Y. Song, and X. Rong, “The influence of the activation function in a convolution neural network model of facial expression recognition,” Applied Sciences (Switzerland), vol. 10, no. 5, Mar. 2020, doi: 10.3390/APP10051897.
[30]	A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification with deep convolutional neural networks,” undefined, vol. 60, no. 6, pp. 84–90, Jun. 2012, doi: 10.1145/3065386.
[31]	“Confusion Matrix for Multi-Class Classification - Analytics Vidhya.” https://www.analyticsvidhya.com/blog/2021/06/confusion-matrix-for-multi-class-classification/ (accessed Nov. 14, 2021).
[32]	R. Girshick, J. Donahue, T. Darrell, and J. Malik, “Rich feature hierarchies for accurate object detection and semantic segmentation,” Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, pp. 580–587, Nov. 2013, doi: 10.1109/CVPR.2014.81.
[33]	E. Shelhamer, J. Long, and T. Darrell, “Fully Convolutional Networks for Semantic Segmentation,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 39, no. 4, pp. 640–651, Nov. 2014, doi: 10.1109/TPAMI.2016.2572683.
[34]	J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, vol. 2016-December, pp. 779–788, Jun. 2015, doi: 10.1109/CVPR.2016.91.
[35]	J. Redmon and A. Farhadi, “YOLO9000: Better, Faster, Stronger,” Proceedings - 30th IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2017, vol. 2017-January, pp. 6517–6525, Dec. 2016, doi: 10.1109/CVPR.2017.690.
[36]	J. Redmon and A. Farhadi, “YOLOv3: An Incremental Improvement,” Apr. 2018, Accessed: Feb. 07, 2022. [Online]. Available: https://arxiv.org/abs/1804.02767v1
[37]	C. Y. Wang, A. Bochkovskiy, and H. Y. M. Liao, “Scaled-YOLOv4: Scaling Cross Stage Partial Network,” Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, pp. 13024–13033, Nov. 2020, doi: 10.1109/CVPR46437.2021.01283.
[38]	T. Y. Lin et al., “Microsoft COCO: Common Objects in Context,” Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), vol. 8693 LNCS, no. PART 5, pp. 740–755, May 2014, doi: 10.1007/978-3-319-10602-1_48.
[39]	“COCO - Common Objects in Context.” https://cocodataset.org/#home (accessed Feb. 07, 2022).
[40]	P. Ping, X. Yang, and Z. Gao, “A Deep Learning Approach for Street Pothole Detection,” Proceedings - 2020 IEEE 6th International Conference on Big Data Computing Service and Applications, BigDataService 2020, pp. 198–204, Aug. 2020, doi: 10.1109/BIGDATASERVICE49289.2020.00039.
[41]	“pjreddie/darknet: Convolutional Neural Networks.” https://github.com/pjreddie/darknet (accessed Feb. 07, 2022).
[42]	W. Liu et al., “SSD: Single Shot MultiBox Detector,” Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), vol. 9905 LNCS, pp. 21–37, Dec. 2015, doi: 10.1007/978-3-319-46448-0_2.
[43]	“The PASCAL Visual Object Classes Homepage.” http://host.robots.ox.ac.uk/pascal/VOC/index.html (accessed Feb. 09, 2022).
[44]	L. Tan, T. Huangfu, and L. Wu, “Comparison of YOLO v3, Faster R-CNN, and SSD for Real-Time Pill Identiication,” 2021, doi: 10.21203/rs.3.rs-668895/v1.
[45]	“Descending into ML: Training and Loss  |  Machine Learning Crash Course  |  Google Developers.” https://developers.google.com/machine-learning/crash-course/descending-into-ml/training-and-loss (accessed Feb. 08, 2022).
[46]	“Using Object Detection for Complex Image Classification Scenarios Part 4: | by Aaron (Ari) Bornstein | Towards Data Science.” https://towardsdatascience.com/using-object-detection-for-complex-image-classification-scenarios-part-4-3e5da160d272 (accessed Feb. 08, 2022).
[47]	“Find Open Datasets and Machine Learning Projects | Kaggle.” https://www.kaggle.com/datasets (accessed Feb. 08, 2022).
[48]	A. Kumar, “Pothole Detection Dataset | Kaggle.” https://www.kaggle.com/atulyakumar98/pothole-detection-dataset (accessed Feb. 08, 2022).
[49]	S. Nienaber, M. J. (Thinus) Booysen, and R. Kroon, “Detecting Potholes Using Simple Image Processing Techniques and Real-World Footage,” Feb. 2015. doi: 10.13140/RG.2.1.3121.8408.
[50]	S. Nienaber, R. S. Kroon, and M. J. (Thinus) Booysen, “A Comparison of Low-Cost Monocular Vision Techniques for Pothole Distance Estimation,” Feb. 2015. doi: 10.1109/SSCI.2015.69.
[51]	C. Shorten and T. M. Khoshgoftaar, “A survey on Image Data Augmentation for Deep Learning,” Journal of Big Data, vol. 6, no. 1, pp. 1–48, Dec. 2019, doi: 10.1186/S40537-019-0197-0/FIGURES/33.
[52]	A. Mikołajczyk and M. Grochowski, “Data augmentation for improving deep learning in image classification problem,” 2018 International Interdisciplinary PhD Workshop, IIPhDW 2018, pp. 117–122, Jun. 2018, doi: 10.1109/IIPHDW.2018.8388338.
[53]	Z. Soleimanitaleb, M. A. Keyvanrad, and A. Jafari, “Object tracking methods: A review,” 2019 9th International Conference on Computer and Knowledge Engineering, ICCKE 2019, pp. 282–288, Oct. 2019, doi: 10.1109/ICCKE48569.2019.8964761.
[54]	D. Held, S. Thrun, and S. Savarese, “Learning to Track at 100 FPS with Deep Regression Networks,” Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), vol. 9905 LNCS, pp. 749–765, Apr. 2016, doi: 10.1007/978-3-319-46448-0_45.
[55]	H. Nam and B. Han, “Learning Multi-Domain Convolutional Neural Networks for Visual Tracking,” Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, vol. 2016-December, pp. 4293–4302, Oct. 2015, doi: 10.1109/CVPR.2016.465.
[56]	N. Wojke, A. Bewley, and D. Paulus, “Simple Online and Realtime Tracking with a Deep Association Metric,” Proceedings - International Conference on Image Processing, ICIP, vol. 2017-September, pp. 3645–3649, Mar. 2017, doi: 10.1109/ICIP.2017.8296962.
[57]	J. Zhu, Y. Fang, H. Abu-Haimed, K.-C. Lien, D. Fu, and J. Gu, “Learning Object-specific Distance from a Monocular Image,” Proceedings of the IEEE International Conference on Computer Vision, vol. 2019-October, pp. 3838–3847, Sep. 2019, doi: 10.1109/ICCV.2019.00394.
[58]	T. van DIjk and G. de Croon, “How do neural networks see depth in single images?,” Proceedings of the IEEE International Conference on Computer Vision, vol. 2019-October, pp. 2183–2191, Oct. 2019, doi: 10.1109/ICCV.2019.00227.
[59]	“Tesla AI Day - YouTube.” https://www.youtube.com/watch?v=j0z4FweCy4M (accessed Feb. 09, 2022).
[60]	M. Zivingy, “Object distance measurement by stereo vision,” International Journal of Science and Applied Information Technology (IJSAIT), vol. 2, pp. 5–8, Feb. 2013.
[61]	“TensorFlow Lite.” https://www.tensorflow.org/lite/guide (accessed Feb. 09, 2022).
[62]	“React Native · Learn once, write anywhere.” https://reactnative.dev/ (accessed Feb. 09, 2022).
[63]	M. N. K. Saunders, Research methods for business students. Harlow, Essex, England: Pearson Education Limited, 2016.
[64]	“tzutalin/labelImg: 🖍️ LabelImg is a graphical image annotation tool and label object bounding boxes in images.” https://github.com/tzutalin/labelImg (accessed Feb. 09, 2022).
[65]	H. Kniberg and M. Skarin, Kanban and Scrum: making the most of both. s. l.: C4Media, 2010.
[66]	J. B. Rollins, “Foundational Methodology for Data Science.”
[67]	“Web Search API | Microsoft Bing.” https://www.microsoft.com/en-us/bing/apis/bing-web-search-api (accessed Feb. 10, 2022).
[68]	“DASH CAM 2016 01 29 (42 Miles of Potholes) - YouTube.” https://www.youtube.com/watch?v=BQo87tGRM74&t=13s (accessed Feb. 10, 2022).
[69]	“stephanecharette/DarkMark: Marking up images for use with Darknet.” https://github.com/stephanecharette/DarkMark (accessed Feb. 10, 2022).
[70]	“Flutter - Build apps for any screen.” https://flutter.dev/ (accessed Feb. 09, 2022).
[71]	“Announcing .NET 6 - The Fastest .NET Yet - .NET Blog.” https://devblogs.microsoft.com/dotnet/announcing-net-6/ (accessed Feb. 10, 2022).
[72]	H. Chen, M. Yao, and Q. Gu, “Pothole detection using location-aware convolutional neural networks,” International Journal of Machine Learning and Cybernetics, vol. 11, no. 4, pp. 899–911, Apr. 2020, doi: 10.1007/S13042-020-01078-7.
 


[bookmark: _Toc95426215]Appendices

[bookmark: _Ref95407450][bookmark: _Toc95426216]Appendix A
[image: Text

Description automatically generated]

[image: Text

Description automatically generated]

[bookmark: _Ref95411104][bookmark: _Toc95426217]Appendix B

[image: Text

Description automatically generated]

[bookmark: _Toc95426218]Appendix C

[image: Table

Description automatically generated]



[bookmark: _Ref95416530][bookmark: _Toc95426219]Appendix D

[image: Text

Description automatically generated]
[bookmark: _Ref95424489][bookmark: _Toc95426220]Appendix E

[image: A road with snow on the side

Description automatically generated with medium confidence]
[image: A picture containing grass, outdoor, dirt

Description automatically generated][image: A picture containing grass, outdoor, tree, way

Description automatically generated]
2

image1.jpeg
M Prifysgol Cymru
% Y Drindod Dewi Sant
% University of Wales
Trinity Saint David





image2.jpeg
Mercedes-Benz increases road safety with Car-to-X Communication.
New: pothole and speed bump detection

Mobile construction

site Mercedes-Benz

Cloud

Broken-down
vehicle

A Speed biump




image3.png




image4.png
Predicted Values

mo=_n> emoy

Predicted Values

SInjeA [enOy




image5.png




image6.png
Classification Instance

Classification '\ ' . tion ObiectDetection o gmentation

- DOG, DUCK , DOG, DUCK




image7.png




image8.jpeg
D labelimg

IUsersirilynnisrcfiabelimg/dem
Isersirilynniscfabelimg/dem
Isersirilynn/srcfabelimg/de
Isersiriynn/srcAabelimg/der
Wsersiriynn/srcfabelimg/der
Isersirilynnisrcfabelimg/dem




image9.png
The Kanban Method | ¢ Personal & Private Invite

2y Butler e Show Menu
To Do Development

Code Review Testing Done
] + Add a card 3 4 Add a card 4 Add a card
Time out when accessing reports

3 + Add a card
® Feb 26, 2020

Webpack update

Anglyze transactions verfermance

Setup Staging 2 test environment

+ Add another card





image10.jpeg
Analytic
approach

Feedback

Deployment collection

Data
understanding

Data
preparation

Modeling




image11.png
Pothole Management System -
Pothole Data flow diagram: Level 0





image12.png
Pothole Management System -
Data flow diagram: Level 1

Detected Pothole

Pothole Data stored

Pothole Location/Warning Pothole Data Retrieved

Pothole Image stored

Pothole Data Retrieve
Request Data othole Data Retrieved

Return Pothole Data, Images
Pothole Image(s) Retreived




image13.png
Layer (type) Output Shape Param #

conv2d_5 (Convap) (None, 126, 126, 32) 896

max_pooling2d_4 (MaxPooling (None, 63, 63, 32) o
20)

conv2d_6 (Convap) (None, 61, 61, 32) 9248
max_pooling2d 5 (MaxPooling (None, 30, 38, 32) o

20)

flatten_2 (Flatten) (None, 28806) o
dense_a (Dense) (None, 128) 3686528
dense_s (Dense) (None, 1) 120

Total params: 3,696,801
Trainable params: 3,696,801
Non-trainable params: @





image14.png




image15.png
16438 2 £« BB NG 5%E q% 21104 0@ AR 23%8

Pothole Detection CNN Pothole Detection CNN
No Image Selected!

No Potholes detected.

pothole - 0.94

“

N





image16.png
10

09

05

— accuracy
— val_accuracy

Epoch

5 2





image17.png
v @ history

cnn. Fit(x = train_ds, validation_data = val_ds, epochs = 22)

Epoch 1/22
18/18 - 205 1s/step - loss: 6.6926 - accuracy: ©.6264 - val_loss: 6.4986 - val_accuracy: ©.7638
Epoch

18/18 - 175 950ms/step - loss: ©.4281 - accuracy: 6.8315 - val_loss: ©.3082 - val_accuracy: 8.8148
Epoch

18/18 - 175 955ms/step - loss: ©.3139 - accuracy: 6.8608 - val_loss: ©.3284 - val_accuracy: 8.8519
Epoch

18/18 - 175 962ms/step - loss: ©.2217 - accuracy: 6.9139 - val_loss: .6374 - val_accuracy: 8.7784
Epoch

18/18 - 175 972ms/step - loss: ©.2183 - accuracy: 6.9929 - val_loss: .2895 - val_accuracy: 6.8370
Epoch

18/18 - 175 1s/step - loss: 6.1611 - accuracy: ©.9377 - val_loss: 6.3236 - val_accuracy: ©.8519
Epoch

18/18 - 175 921ms/step - loss: ©.2082 - accuracy: 6.9103 - val_loss: .4610 - val_accuracy: 6.8370
Epoch

18/18 - 175 895ms/step - loss: ©.2430 - accuracy: 6.9929 - val_loss: ©.4208 - val_accuracy: 8.7926
Epoch

18/18 - 175 962ms/step - loss: ©.1827 - accuracy: 6.9341 - val_loss: .3164 - val_accuracy: 6.8519
Epoch

18/18 - 175 950ms/step - loss: ©.1319 - accuracy: 6.9487 - val_loss: .3814 - val_accuracy: 6.8370
Epoch

18/18 - 175 96oms/step - loss: ©.1748 - accuracy: 6.9364 - val_loss: ©.2741 - val_accuracy: 8.8741
Epoch

18/18 - 175 926ms/step - loss: ©.143 - accuracy: 6.9524 - val_loss: ©.3304 - val_accuracy: 6.8667
Epoch

18/18 - 175 957ms/step - loss: ©.1272 - accuracy: 6.9451 - val_loss: .3661 - val_accuracy: 6.8503
Epoch

18/18 - 175 917ms/step - loss: ©.1678 - accuracy: 6.9615 - val_loss: ©.3499 - val_accuracy: 8.8503
Epoch

18/18 - 175 973ms/step - loss: ©.6787 - accuracy: 6.9725 - val_loss: .2746 - val_accuracy: 8.8741
Epoch

18/18 - 175 943ms/step - loss: ©.1562 - accuracy: 6.9359 - val_loss: .4283 - val_accuracy: 0.8503
Epoch

18/18 - 175 1s/step - loss: 6.1517 - accuracy: ©.9396 - val_loss: 6.4227 - val_accuracy: ©.8296
Epoch

18/18 - 175 97ems/step - loss: ©.1189 - accuracy: 6.9469 - val_loss: .4758 - val_accuracy: 8.8519
Epoch

18/18 - 175 971ms/step - loss: ©.0975 - accuracy: 6.9652 - val_loss: .4611 - val_accuracy: 8.8741
Epoch

18/18 - 175 966ms/step - loss: ©.1651 - accuracy: 6.9542 - val_loss: ©.3828 - val_accuracy: 0.8444
Epoch

18/18 - 175 966ms/step - loss: ©.0986 - accuracy: 6.9634 - val_loss: ©.3642 - val_accuracy: 6.8667

Epoch
18/18 [

- 175 89gns/step

loss: .1271 - accuracy: ©.9451 - val_loss: 6.4652 - val_accuracy: .8296





image18.png
70.3% |

180

‘737.’742\
2%

7
dié
69%,
7
67%

14.0—

“71%

—61%

527

0.0
0

600 1200 1800
current avg loss = 0.7454  iteration = 6000
Press 's' to save : chart.png — Saved

2400

3000 3600
approx. time left = 0.13 hours
Iteration number

4200

4800 5400

in cfg max_batches=6000




image19.png
—81%

59%

0.0
0

current avg loss = 1.0517

600 1200

1800 2400 3000 3600 4200

iteration = 6000  approx. time left = 0.05 hours
Press 's' to save : chart.png — Saved

Iteration number

4800 5400 60

in cfg max_batches=6000





image20.png
48%

0.0
0 600 1200 1800 2400 3000 3600 4200 4800 5400 60
current avg loss = 0.4894  iteration = 6000  approx. time left = 0.01 hours

Press 's' to save : chart.png — Saved Iteration number in cfg max_batches





image21.png
import os
inport vuid

inport requests
rom PIL inport Image, ImageStat
from io import BytesI0

This script makes a call to the Bing Web Search APT with a query and returns relevant images.

Documentation: https://docs.microsoft.con/en-us/bing/search-apis/bing-web-search/overview

# Add your Bing Search V7 subscription key and endpoint
subscription_key = '1ghfcccB64744ob8bo4edB4ccI6399cd
endpoint = 'nttps://api.bing.microsoft.con' + "/v7.6/images/search”

# Query term to search for.
query = "Road potholes scotland”

# Construct a request
mkt = ‘en-US'

params = {_'q': query, ‘count': 150, 'offset': 0}

headers = {_'0cp-Apin-Subscription-Key': subscription_key }

image_folder = os.path.join(os.getcwd(), 'output’
.
Tile_mean_hashes = []

image_files = [ for _ in os.listdir(image_folder)]

for file in image_files:
Tile_image = Image.open(os.path.join(inage_folder, file)
mean = ImageStat.Stat(file_image).mean
Tile_mean_hashes. append(hash(str(nean)))

# Call the APT

try:
for ont in range(4 + 1):

parans['offset'] += 150

response = requests.get(endpoint, headers=headers, parans=params:
response. raise_for_status()

search_results = response.json()

thumbnail_urls = [img["thumbnailurl”] for img in search_results["value"][:158]

for i in range(len(thumbnail_urls)):
index = cnt * 100 + i

print(f'Downloading inage from URL {thumbnail uris[il}.

inage_data = requests.get(thumbnail_uris[i])
inage_data.raise_for_status()

inage = Image.open(BytesI0(inage_data.content))
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mean_hash = hash(str(InageStat.Stat(image).nean))

if mean_hash in file_mean_hashes:
print("Inage is duplicate, skipping...")

continue
image.save(f"./output/{str(uuid.vuid4())}.png")
Tile_mean_hashes.append (fiean)

except Exception as ex:
raise ex
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import click
inport cv2
inport os

felick, conmand()
@click.option(
@click.option(’
@click.option(’--output', defaul
def run(path, frames, output):
try:
if not os.path.exists(output):
os.makedirs (output)
except OSError:
print(’Error: Failed to create output directory.')

./video.mp4', help='The path to the video you want to split')
help='The number of frames you want to skip between each image')
./data’, help='The path for the output images')

video = cv2.VideoCapture(path)

success, inage = video.read()
count = @

uhile success:
if count % frames == 0:
cv2.imwrite(os.path.join(output, ‘frame%d.jpg’ % count), image)

success, inage = video.read()
count += 1

video.release()

cv2.destroyAUlNindows ()

if __name__
run()
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Future classifyInage(XFile? image) async {

Tinal List? results = await Tflite.runModelOnInage(
path: image!.path,
nUBResULts: 2,
threshold: 0.2,
inageMean: 0.0,
inageStd: 1.9,

b

/1 I we nave found any potholes, let's log the GPS Llocation
if (results != null & results.isNotEmpty) {
var locationData = await getGpsLocation();

setstate(() {
_results = results;
_image = image;
_location = locationData;
b
T

Future<LocationData?> getGpsLocation() async {
var completer = Completer<LocationData?>();

Location location = Location();

bool _serviceEnabled;
PermissionStatus _permissionGranted;

_serviceEnabled = await Llocation.serviceEnabled();
if (!_serviceEnabled) {
_serviceEnabled = await location.requestservice();
if (!_serviceEnabled) {
return null;
T
T

_permissionGranted = await location.hasPermission();
if (_permissionGranted PermissionStatus.denied) {
_permissionGranted = await location.requestPermission();
if (_permissionGranted != PermissionStatus.granted) {
return null;
T
T

completer.conplete(await location.getlocation());

return completer. future;
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