
[image: University of Wales Trinity Saint David - Wikipedia][image: Chart

Description automatically generated with medium confidence][image: Injection Moulding and plastics North Wales | Hi-mark][image: ][image: ][image: ]
University of Wales Trinity Saint David
School of Engineering

A Deep Learning Approach for Automated Inspection of Robotic Glue Deposition Processes







Jordan Ross Jenkins (1650374)
MSc Mechanical Engineering
Major Project 
ACFA 7003
29/04/2022

Page | 2 

[bookmark: _Hlk36220123]Declaration of Authenticity 
‘This thesis is the result of the author’s original research. It has been composed by the author and has not been previously submitted for examination which has led to the award of a degree.’


Signed: Jordan Ross Jenkins 					Date: 29/04/2022
[bookmark: _Hlk36220154]Acknowledgements
I would like to thank my dissertation supervisors Dr Arnaud Marotin and Richard Morgan for their continued guidance and support throughout the course of the project.
I would also like to pay thanks to Jefferson Dzidzienyo, Craig Jones and Mike Buckley for answering all of my questions, their efforts in supporting this study, and their hospitality during my visits to Hi-Mark Automotive.
Finally, I would like to thank my family for the constant moral support and encouragement.
This work is part of a funded study supported by the Connected Everything Research Network and the Engineering and Physical Sciences Research Council (EPSRC)
Abstract 
This study describes the development of an automated inspection system, that leverages recent advancements in one-shot deep learning, to perform automated inspection of glue beads deposited by collaborative robots. The study is informed by a literature survey of key topics, such as: deep learning in computer vision, deep learning for limited data availability, edge AI and explainable AI.
The paper describes the development of purpose-built image acquisition hardware and details a comparative study between the performance of Siamese Neural Networks and Convolutional Neural Networks for defect detection and classification. Finally, the performance of the developed models is evaluated and the results presented.
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[bookmark: _Toc33988003][bookmark: _Toc102156123]Introduction
In recent years, it has become increasingly clear to practitioners within academic and industrial communities that the advancement of Artificial Intelligence (AI) has the potential to become one of the most transformative technologies in the digitalisation of manufacturing, often referred to as the fourth industrial revolution or Industry 4.0 (I4.0). It is predicted that AI will contribute £7.9bn to the Welsh economy by 2030, which translates to a 9.8% increase in national GDP (PWC, 2017). Whilst it is recognised that the true scale of this AI transformation will not be realised until Artificial General Intelligence (AGI) is achieved, practical applications of Artificial Narrow Intelligence (ANI) can offer significant and tangible benefits to manufacturers in the immediate future. 
AGI, sometimes called “strong AI”, refers to the hypothetical ability of an intelligent computer system to learn, understand, and execute cognitive and intellectual tasks with the same or higher degree of proficiency as human-level intelligence. The realisation of AGI will be a profound scientific breakthrough. However, estimations of when this is likely to occur, by leading authorities in the field of AI research and development, so far have failed to reach consensus. Some estimate that human-level AI could be achieved in as little as 10 years, whilst others argue AGI won’t be realised until the year 2300 (Brooks, 2019)
ANI, commonly referred to as “weak AI”, describes the current state of the technology. Specifically, ANI refers to the use of machine and deep learning algorithms, developed to perform a small range of tightly-defined tasks, such as classification, data clustering or regression problems. Whilst this narrative suggests the use cases for artificial narrow intelligence are somewhat limited, there is in fact significant scope for these algorithms in industrial applications, where they can be effectively deployed to automate highly-repetitive, albeit relatively simplistic tasks. 
Manufacturing is significantly important to the Welsh economy, representing 17.5% of total national output (MAKE UK, 2019). Whilst there has been some increase in the adoption of digital technologies within manufacturing enterprises in recent years, a report by (BEIS, 2019) highlighted that the UK currently lags behind the EU with regards to  its rate of technology adoption. More worrying still, the UK currently lags behind its key international competitors in terms of labour productivity, and has witnessed a progressive productivity flatline since 2007.  In 2020, The  average output per hour worked for the G7 economies was 13% higher than that of the UK (ONS 2021).
(Crafts, 2019) identified that over half of any increase to productivity that has occurred in recent years stems from human capital deepening, rather than capital deepening. Put simply, there is a willingness to generally increase human labour capacity, but a notable reluctance to invest in technological improvements to increase labour productivity. This disparity is further accentuated within small and medium-sized enterprises (SMEs), who face a unique set of barriers to entry with regards to digital technology adoption, generally attributed to the complexity of integration of new technologies with existing manufacturing systems, and a lack of financial or knowledge-based resources.
(Dominik and Rauch, 2020) note that within many large enterprises, comprehensive digitalisation strategies have long been established and thus integrated into the company’s long-term business strategies, while SMEs often face significant challenges in putting these industry 4.0 paradigms into practice. This is a particularly poignant issue for Wales, where the manufacturing landscape is disproportionately populated by micro, small and medium-sized enterprises, who combined represent the backbone of the Welsh economy. The most recent size analysis of businesses, performed by (Welsh Government, 2019), shows that approximately 98% of active manufacturing enterprises in Wales are considered to be SMEs (0-249 employees).
A recent scoping study conducted by UWTSD identified that whilst Welsh manufacturing SMEs certainly understand that the imperatives of I4.0 cannot be ignored, and whilst there is a clear desire, on the part of Welsh companies, to begin or extend their engagement with digital technologies. The same companies are struggling to understand both the full potential and the challenges of embracing I4.0, which is why it is crucial to promote knowledge exchange between industry and academia through collaborative research and development initiatives. 
(Moeuf et al., 2020) state that SMEs typically take a reactive approach to emerging technologies, and only adopt them once uncertainty around the benefits and limitations of implementing such technologies have been thoroughly researched and proven. As such, research and development of robust and deployable solutions for the application of AI in manufacturing systems is key to the wide scale adoption of such technologies, and further, the resilience of SMEs in the progression towards the realisation of I4.0. Whilst the potential of these new and emerging technologies has been shown in many academic publications, much work remains in proving their fitness for purpose in real-world, dynamic, and often challenging production settings.
[bookmark: _Toc102156124]Broad Project Aim
[bookmark: _Hlk98768447]The fundamental aim of this study, in collaboration with industrial partners Hi-Mark Automotive, is to research, design, and develop a computer vision (CV) system  for automated defect detection in robotic glue deposition processes. The study aims to investigate the feasibility of deploying deep learning  algorithms, in the form of convolutional neural networks (CNNs), to improve the performance of such systems over conventional imaging methods. The feasibility of the system will be determined by experimental analysis of key performance indicators (KPIs), as well as determining the degree to which the system meets the requirements of the partner company. The development of the CV system will be influenced by research conducted in the form of a survey of relevant literary works, key research topics include:
1. [bookmark: _Hlk102134690]CNN architectures for industrial defect/anomaly detection applications.
2. Machine & deep learning methods for limited data availability.
3. [bookmark: _Hlk98837537][bookmark: _Hlk98935451]The role of edge-based computation in accessible/low-cost AI.
4. The need to demystify AI in order to promote adoption.
[bookmark: _Toc102156125]Objectives
The objectives of this study are summarised and listed below:
1. To identify a  relevant case study/process around which the inspection system will be developed and its defect detection performance assessed.
2. Conduct a comprehensive review of literature around CNN architectures, paying particular attention to the influence of data requirements/availability, their explainability & interpretability, and suitability for edge-based computation.
3. To describe and justify the hardware (test apparatus, camera systems & processing units) and software elements (programming environments used for algorithm development, testing & deployment).
4. To explain the development of the defect detection algorithm, including image acquisition, pre-processing methods, CNN architecture and training procedure used for image analysis/processing.
5. Evaluate the systems key performance indicators in experimental analysis, including defect classification accuracy, validation accuracy, training loss and validation loss etc.
6. To conclude the study, providing a final feasibility verdict and identifying any scope for further work. 
[bookmark: _Toc102156126]Project Time Plan
A table and Gantt chart describing the preliminary time plan are provided below:
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[bookmark: _Toc102155983]Figure 1: Time Plan Table & Gantt Chart

[bookmark: _Toc102156127]Case Study Overview 
Hi-Mark Automotive, a manufacturer of polymeric injection moulded components, are currently engaged in a project to fully automate the production of coil spring isolator sleeves (figure 2) using a cobot work cell (see appendix 1). The product is supplied to automotive OEMs and used in suspension systems to dampen noise, vibration & harshness (NVH), and provide a protective barrier between suspension component mounting surfaces. The current manufacturing process is summarised below:
1. [image: Shape

Description automatically generated with medium confidence]Injection moulding process
2. Demoulding procedure
3. [bookmark: _Hlk98784710]Material handling (transfer to gluing station)
4. Glue bead deposition process
5. Moulding tab removal (cutting process)
6. Visual inspection of glue bead (Quality Inspection)
7. Material handling (transfer to packaging station)[bookmark: _Toc102155984]Figure 2: Isometric Projection of Coil Spring Isolator Sleeve

8. Packaging
The existing manufacturing process is labour intensive, highly repetitive and subject to multiple sources of variation. Analysis performed by operatives at Hi-Mark Automotive has identified the glue bead deposition process (step 4 above) as the most significant source of quality deviations, often resulting in sporadic rejectable flaws/defects. Common glue bead defects are summarised in table 1 below:
	Common Glue Bead Deposition Defects

	1.
	Discontinuities (breaks in glue bead)

	2.
	Insufficient glue deposited (glue bead too thin)

	3.
	Excessive glue deposited (glue bead too thick)

	4.
	Glue bead shape & height deviations

	5.
	Spattered deposition

	6.
	Positional defects


[image: Chart
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[bookmark: _Toc102155985]Figure 3: Coil Spring Isolator Technical Drawing

[bookmark: _Toc102156046]Table 1: Table of Common Glue Bead Defects

Whilst work is ongoing at Hi-Mark Automotive to identify, and thus eliminate, the root causes of this variation, the gluing process has historically proven to be extremely difficult to control. Current quality control (QC) procedures require production operatives to perform manual in-process inspection of each component in order to detect and remove defective components. This manual visual inspection process is labour intensive, arduous and fundamentally ineffective. With the production capacity of the cobot work cell projected to exceed 300 parts per hour, the risk of missed defects as a result of overburdening of production operatives is significantly increased.
The consistency of the glue bead is considered critical to quality (CTQ). As a result, detection and elimination of defective components, and collection of accurate defect occurrence data for process capability studies and statistical process control (SPC) is significantly important to production control at Hi-Mark Automotive. Consequently, operations management at the company would like to investigate the feasibility of developing an automated optical inspection process to replace the manual visual inspections.
[image: ]There are a number of challenges that prevent the company from simply purchasing a commercially available inspection system, these include:
1. The glue bead is completely occluded within the inner most geometry of the isolator sleeve (mechanical manipulation is  required to reveal the glue bead).
2. The diverse nature of defect occurrence means numerous bespoke feature descriptors must be developed to detect each defect type. 
3. The cost of commercially available solutions is prohibitive (often in excess of £15,000).[bookmark: _Toc102155986]Figure 4: Technical Drawing Showing Glue Bead Occlusion

[bookmark: _Hlk101260828]As such, this study will use the coil spring isolator sleeves as the target objects for the development of the defect detection system and algorithms. Test apparatus will be constructed to replicate the conditions within the cobot cell, and analysis of the systems performance will be conducted in experimental analysis using a number of defective and non-defective product samples supplied by Hi-Mark Automotive. The feasibility of the system will largely be determined by the extent to which the system meets the following requirements:
1. Must be integrated into the robot cell without significantly increasing the cycle times.
2. Must detect all defect types with a high degree of accuracy & precision.
3. Must be low-cost and avoid using bespoke hardware or software.
4. Must require minimal maintenance & physical interventions after initial setup.
5. Must be sufficiently robust to withstand continuous high volume production.
[bookmark: _Toc102156128]Literature Review
[bookmark: _Toc102156129]Preface
In this chapter, a series of key literary works are surveyed in order to gain insight as to the current state of knowledge, research and development of artificially intelligent algorithms for industrial visual inspection tasks, and specifically, defect detection and classification problems. The review will also consider more traditional approaches, including conventional image processing, in order to gain a fuller appreciation of the potential benefits and limitations of deploying AI-based methods.
The surveyed literature will be used to:
1. Identify and define key concepts.
2. Map the current trends and state of research and development.
3. Identify and describe relationships between concepts.
4. Identify any potential gaps in the research.
5. Inform key decisions in the design and development of the inspection system, including hardware & software considerations. 
Contemporary and historical publications are considered within this review to provide contextual insight. Some may argue that early publications in the field of AI research should be considered outdated or not strictly relevant. However, these early publications provide the basis on which many subsequent major works have been developed. 
The scope of the literature survey is described below:
1. To identify the current ‘state of the art’ machine and deep learning methods for computer vision applications.
2. To review appropriate models for industrial quality inspection tasks, and specifically, detection of visual defects in 2D images. 
3. To identify suitable approaches for training models using limited or sparce datasets, including a review of one-shot learning methods (Siamese Neural Networks).
4. To review the effects advancements in edge-based computational capabilities have had on making AI more accessible to small and medium-sized manufacturing enterprises.
5. To establish the role of interpretable / explainable algorithms in demystifying AI, and how this could promote AI adoption in industry.
[bookmark: _Toc102156130]Computer Vision for Industrial Quality Inspections
Manual inspection of products is perhaps the most conventional form of quality control in manufacturing. Typically, a production operative visually inspects a sample of products against some predefined criterion to identify abnormalities or inconsistencies. From this, inferences about defect rates can be made to ascertain the current level of quality or process control. Whilst manual inspection may be considered primitive, it is both well-established and trusted,  including in heavily-regulated and technically demanding sectors, such as medical, automotive and aerospace manufacturing (See et al., 2017).
The effectiveness of visual inspections performed by humans is an exceedingly complex issue. Extensive research into the factors affecting the reliability of visual inspection has been conducted throughout the 20th and 21st century. (Kujawinska and Vogt, 2015) identified a series of factors in their study, these have been summarised and tabulated below;
	Factors
	Examples

	Organisational
	Level of training provided, scope of decision making, use of standardised inspection procedures, level of instruction / feedback.

	Technical
	Defect types & visibility, quality levels, compliance with regulatory standards, level of automation and process control.

	Environmental
	Noise, temperature and lighting conditions,  working hours, workstation cleanliness & organization.

	Social
	Pressure from peers/managers, team communication; isolation.

	Psychophysical
	Observational skills, temperament, experience, creativity.


[bookmark: _Toc102156047]Table 2: Summary of Inspection Performance Factors (Kujawinska and Vogt, 2015)
A recurring observation in a vast number of studies is the influence of human factors, or in the fallibility of the human production operatives (See, 2015). A widely acclaimed study by (Drury and Fox, 1975) concluded that around 20% of defect occurrences are missed during standard quality inspections, raising to above 30% for technically demanding procedures.
In recent times, advancements in the field of computer vision (CV) have led to the automation of these manual inspection processes, which has proven to be effective in reducing labour effort, time and associated costs, whilst simultaneously improving inspection performance. It should be noted however, that seemingly trivial inspection tasks performed by human operators often require extremely sophisticated CV algorithms, attributed to their reliance on cognitive, intuitional and perceptive capabilities.  
[bookmark: _Toc102156131]Traditional Computer Vision
Prior to the proliferation of machine and deep learning methods, CV practitioners relied heavily on what are now referred to as hand-crafted methods to solve challenging CV problems. In traditional CV approaches, complex tasks such as image/object classification, segmentation and detection require the development of bespoke algorithms for defining and extracting handcrafted features within the image.
The complexity of a feature extraction algorithm is closely related to the complexity of the extracted feature. However, such algorithms are typically limited to low and medium-level features. Low-level features include: lines, dots, generic shapes, and basic spatial information. Medium-level features include: edges, holes, blobs/regions, pixel intensity gradients and textures (Davies, 2017). Often times, simplistic feature extraction algorithms are then combined to create more complex feature descriptors for use in semantic tasks. There are numerous well-established feature description techniques used in semantic tasks such as object recognition and segmentation, examples include: Hough transforms, Scale Invariant Feature Transform (SIFT), Speeded Up Robust Features (SURF), Features from Accelerated Segment Test (FAST) and Histogram of Oriented Gradients (HOG) (Truong and Kim, 2016).
[image: ](Walsh et al., 2019) note that, since many state-of-the-art approaches in CV now leverage machine and deep learning, the typical workflow of the CV practitioner has changed significantly. The authors note that the knowledge and expertise once required to develop algorithms for feature extraction and description has now largely been replaced by knowledge and expertise required in training deep learning architectures. This change of workflows is depicted in the figure below: 
[bookmark: _Toc102155987]Figure 5: Conventional vs Deep Learning CV Workflow (Wang et al., 2018)

Advantages of Traditional Computer Vision Approaches
Although traditional CV algorithms have largely been superseded by machine and deep learning methods in recent years, many applications remain in which they may be considered advantageous. (Ofir and Nebel, 2021) explain that a significant advantage of conventional CV algorithms over their deep learning equivalents is their inherent simplicity and transparency. Whilst traditional algorithms are based around well-known and understood theories, DL approaches remain difficult to understand and explain, even by seasoned practitioners, attributed to the black box principle (Discussed further in Ch.2.2.2). For this reason, conventional algorithms are often considered more trustworthy, particularly in high risk applications. (Walsh et al., 2019) explains that nowadays, these methods are mostly used in relatively simplistic problems which require algorithms to be deployed on low cost embedded processors or microcontrollers, or problems in which a full-scale deep learning solution would be considered excessive or unnecessary 
The fact than many traditional CV algorithms are not class-specific may be considered to be a benefit, particularly for applications that don’t require specific class knowledge. This lack of specificity means traditional algorithms can be used  on any given image, regardless of the image domain and with consistent performance (Davies and Turk, 2022). In contrast, features learned during training of deep learning models, such as CNNs, are highly domain (dataset) specific. (Alzubaidi et al., 2021) explain that a CNN can only be used to detect/classify a given feature or object if it has been exposed to a sufficient number of training instances, which can become a problem in cases of limited data availability. As such, practitioners should take a pragmatic approach and question whether traditional algorithms can offer a simplified solution before deploying deep learning approaches.
It should be noted that traditional CV algorithms can also be deployed alongside machine and deep learning approaches in order to leverage the advantages of both methodologies. These are frequently referred to as hybrid methods. (Perez and Wang, 2017) discuss the merits of using conventional CV algorithms to augment datasets used to train CNN object detectors, whilst (Aldahoul, Sabri and Mansoor, 2018) show that combining conventional motion estimation algorithms with CNNs for human detection tasks achieved improved classification accuracy (98.09%) compared  with CNNs alone (95.9%). (Talluri, 2018) notes that hybrid approaches can also offer significant computational advantages, explaining that these methods can significantly decrease latency, memory bandwidth and CPU resource utilisation.
Challenges in Traditional Computer Vision
Whilst traditional CV algorithms have been effectively deployed in many applications, they are subject to a series of intrinsic constraints. (Brownlee, 2019a)  explains that reliance on expert knowledge to create specialised or handcrafted feature extraction algorithms is perhaps one of the most significant limitations of conventional approaches in computer vision. Developing novel algorithms for detecting and describing features in an image is a highly manual, technically demanding and time-consuming process, often requiring numerous development and test cycles before a satisfactory level of accuracy is reached. 
(Nanni, Ghidoni and Brahnam, 2017) note that there is often a trade-off between the accuracy and computational efficiency of handcrafted CV algorithms. For instance, conventional object detector algorithms, such as the Scale Invariant Feature Transform (SIFT), are widely acclaimed for their detection accuracy and robustness, but these attributes come at a high computational cost. The authors explain that it is common practice to use multiple algorithms in an ensemble approach to overcome the inherent limitations in terms of detection accuracy or robustness, which often further accentuates the computational efficiency problem.
(Walsh et al., 2019) explain that combining multiple handcrafted feature-based algorithms in ensemble approaches can also have unintended consequences, particularly in discriminative tasks, such as classification, detection and recognition. For example, an ensemble algorithm may use multiple sub-algorithms to detect edges, circularity, textures and gradients in order to detect a given object. However, in this scenario there is a significant co-dependency on the robustness and accuracy of each sub-algorithm, if any one sub-algorithm fails to detect a feature, the entire algorithm is likely to fail, resulting in a false negative detection. Combining algorithms also has the unfavourable effect of concatenating their individual sensitivities to sources of extrinsic interference (external conditions), such as: poor lighting, reflections, variations in scale and occlusion etc. (Manzoor, Joo and Kuc, 2019).
Nowadays, it is generally accepted that conventional/handcrafted methods offer limited discriminative power and are not sufficiently robust to sources of interference and intraclass-variation for effective deployment in many industrial applications. As a result, the development of new CV algorithms has largely shifted in favour of deep learning variants in recent years. Limiting sensitivity to inter-class variation is significantly important in industrial applications such as defect detection, as defects seldom occur with a high degree of visual similarity.
[bookmark: _Toc102156132]Machine & Deep Learning Methods
[bookmark: _Hlk100477760]The continued development of artificially intelligent algorithms  has revolutionised the field of CV. Machine learning (ML) methods such as K-means and Support Vector Machines (SVM) and deep learning (DL) methods such as Convolutional Neural Networks (CNNs) are being deployed to solve problems considered unsolvable only a decade ago, often far surpassing human-level accuracy in complex tasks such as classification, clustering, recognition, regression and semantic segmentation.
ML is a subset of AI which aims to enable computer systems to perform tasks without explicit programming, and often includes training models that are fundamentally based on well-understood statistical methods by exposure to large volumes of structured data (Watt, Borhani and Katsaggelos, 2016). Whilst the deployment of ML algorithms in CV as a concept has been discussed extensively in academic publications for many years now, (Kerle, Gerke and Lefèvre, 2019) argue that it is a continually evolving field of research and development, attributed to ever increasing computational power and data availability. ML and DL models can be categorised as either supervised, unsupervised or semi-supervised depending on the training procedure used. A review of these approaches is tabulated below:
	Training Method
	Comments

	Supervised Learning
	Models are trained using data that is labelled with a particular output (ground truth). The model is then iteratively trained to identify patterns/relationships between the input data and the ground truth. From this, the model can make inferences when exposed to new data. This is by far the most common training method and is often used in classification and regression problems (Jiang, 2021).

	Unsupervised Learning
	Unsupervised learning involves training a model with unlabelled or unstructured data. Unlike supervised approaches, these models cannot provide contextual information, but instead aim to identify the underlying distributions or structures in the data. (Zheng and Mazumder, 2019) Explain that unsupervised models are typically reserved for clustering or associative tasks. 

	Semi-Supervised Learning
	(van Engelen and Hoos, 2020) explain that semi-supervised learning involves training a model using a large quantity of unlabelled data, supported by a small quantity of labelled data. This approach has tremendous practical value in applications that suffer from a paucity of labelled data, or in situations where such data is expensive to produce. However, semi-supervised methods remain unproven in terms of feasibility and performance in many applications.


[bookmark: _Toc102156048]Table 3: Review of ML & DL Training Methods
(Khan and Al-Habsi, 2020) explain that whilst there are many ML algorithms used in specific CV applications, three stand out in terms of the sheer scale of their adoption, these include:
1. Artificial Neural Networks (ANNs)
2. K-Means Clustering Algorithms
3. Support Vector Machines (SVMs)
Artificial Neural Networks
[image: ]ANNs aim to simulate human learning processes by mimicking the way biological neurons and synapses in the human brain activate (light-up) when exposed to an incident stimuli. In ANNs, artificial neurons are represented by mathematical activation functions, and in computer vision the stimuli are pixel intensity values. Typically, even small ANN architectures utilise a vast number of artificial neurons arranged in layers. Each preceding layer of neurons is fully connected to the next layer via channels (Nielsen, 2018). An illustration of  a simplified ANN (multi-layer perceptron) is provided below.





[bookmark: _Toc102155988]Figure 6: Simplified ANN Architecture Adapted From (Vanderplas, 2019)

During training, the channels are randomly initialised with values called weights, and the neurons are randomly assigned biases, which dictate the extent to which they react to the stimuli. (Nielsen, 2018) provides the equation used to determine a neurons output:

Where  = the neuron output, = the sum of the input values (Pixel intensities) multiplied by the channel weights and  = the neuron bias.
Threshold functions, also known as activation functions, are then used to determine whether the inputted stimuli results in activation of the artificial neuron. Common activation functions used in ANNs include: binary step, sigmoid and rectified linear units (see fig.7 below).
[image: Chart, line chart
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Description automatically generated][bookmark: _Toc102155989]Figure 7: Common Activation Functions Adapted From (Baheti, 2022) 

Only activated neurons pass data to the following layers of the network, this principle is called forward propagation. During supervised training, both the stimuli (image data) and ground truth (label/classification data) are fed into the network. Over a series of iterations, the error between the networks predicted classification and the ground truth classifications is determined using loss functions, such as mean-squared error or cross entropy loss (Brownlee, 2019c). 
[image: ]A combination of backpropagation and gradient descent are used to minimise the error (or loss). Back-propagation is used to determine the gradient of the loss function for each tuneable parameter (weight) in the network. Gradient descent is a optimisation algorithm used to find the global minima of the error/loss by iteratively adjusting the weight values in the direction of the gradient determined during back-propagation (Glorot and Bengio, 2010). Over many iterations of forward and back-propagation the network learns the optimal configuration of its weights in order to achieve the lowest possible error between the networks predictions and the ground truth. The error/loss of the network is plotted and monitored graphically during training. The training is typically ceased when the plotted error reaches a plateau (See fig.8 below).






(Neural Networks are discussed further in Ch.2.2.2.4)[bookmark: _Toc102155990]Figure 8: Generic Loss vs Iteration (Epoch) Plot (Fei et al., 2017)

K-Means Clustering Algorithms
Image segmentation is a classic computer vision problem, it involves dividing (segmenting) an image into numerous regions, depending on the pixels characteristics, in order to perform region/blob analysis, determine boundaries in an image or to identify objects. There are many conventional algorithms used for image segmentation, including intensity-based thresholding, edge-detection and region-based approaches such as watershed segmentation. However, an unsupervised ML algorithm called K-means clustering has been shown to outperform these approaches in many applications (Khan and Al-Habsi, 2020)
(Dhanachandra et al., 2015) explain that K-means uses an iterative data partitioning approach to assign -number of data points (pixel values) into -number of clusters. The authors explain that the algorithm consists of four distinct phases, namely: 
1. Arbitrary (random) allocation of cluster centroids (seeding).
2. Clustering of the data points depending on their Euclidean distance from the centroids (region/cluster growing).
3. Recalculating the centroid positions of each cluster to represent the mean of its data points (only after every pixel has been assigned to a cluster).
4. [image: Chart, scatter chart

Description automatically generated]Repeating the process until n-number of data points are assigned to k-number of clusters.[bookmark: _Toc102155991]Figure 9: K-Means Clustering Example Adapted From (Singh, 2020)

Although (Dhanachandra et al., 2015) highlight the benefits of using K-means in terms of its proven performance in segmentation tasks and relative ease of implementation, (Rodriguez et al., 2019) argue that there are a number of limitations to be aware of. The authors note that manual selection of the number of centroids (k-number) limits the practical use of K-means to applications where the number of segments required is known a priori. The authors also explain that the algorithm can sporadically fail to segment the data as a result of the random allocation (seeding) of centroids. Nevertheless, the algorithm provides strong results in practical situations whilst maintaining low computational cost.
Support Vector Machines
[image: Chart, diagram

Description automatically generated]SVMs, a type of supervised ML algorithm, have been widely used to solve classification problems in CV. SVMs can be formally defined as a discriminative classifier, that when exposed to labelled training data, output an optimal hyperplane (decision boundary) that separates/classifies the feature space into discrete categories (Gholami and Fakhari, 2017). Below is an illustration used to visualise the optimal hyperplane for a collection of linearly separable 2D data points that belong to one of two categories;




[bookmark: _Toc102155992]Figure 10: SVM Optimal Hyperplane Example Adapted From (García, 2022)

The leftmost image of figure 10 shows that there are multiple planes that bisect the datapoints and thus offer a solution to the classification problem. However, (Pisner and Schnyer, 2020) state that planes that pass in close proximity (or with a narrow-margin) to the data points are typically more sensitive to noise/variation and thus risk misclassification and poor generalisability of the model. As such in SVMs, the hyperplane (decision line) is considered optimal when the distance between the plane and the data points is as large as possible (or with a wide-margin). Defining the support vectors (data points closest to the hyperplane) during training is critical, as these values have the largest influence over the position of the decision boundary.
Although the example provided above focuses on a simple linearly separable problem using 2D data, (Zoppis, Mauri and Dondi, 2019) explain that SVMs have been proven effective in 3D datasets and those that require highly nonlinear hyperplanes, attributed to the use of kernel functions. (Cervantes et al., 2020) note that an advantage of SVMs over other classifiers, such as ANNs, is that they can offer strong performance with limited training data. However, the authors note that SVMs generally underperform in scenarios where there is a high degree of similarity/overlap between classes of data. Another widely recognised limitation of SVMs is their algorithmic complexity and memory requirements, whilst this can be managed for small datasets, the number of computations and stored variables increases abruptly in larger variants.
[bookmark: _Toc102156133]Convolutional Neural Network Theory
Convolutional Neural Networks (CNNs), a class of deep learning algorithm based on artificial neural networks (Ch.2.2.2.1), are currently considered the state-of-the-art solution to many complex computer vision problems. In recent years, the deployment of CNNs in such applications has surged in popularity, attributed to an ever increasing availability of training data and plentiful computational resources. Solutions to CV problems previously considered unsolvable are now being developed, often far exceeding human-level performance in tasks such as image classification, clustering, regression and semantic segmentation (Geirhos et al., 2018). This chapter presents the underpinning theory of CNN model architectures, training and validation procedures used in order to determine the feasibility of deploying such a model to perform automated inspection of robotic glue deposition processes (as described in Ch.1.4).
Model Architecture
[image: Basic CNN Architecture: Explaining 5 Layers of Convolutional Neural Network  | upGrad blog]CNNs are differentiated from other artificial neural network architectures in that they are specifically developed to use images (or 3D matrices) as input data or stimuli. Fully-connected ANNs (discussed in Ch.2.2.2.1), such as multi-layer perceptron’s (MLPs), cannot be used alone for image processing tasks, due to the inherent dimensionality of image data. MLPs are designed to use discrete numerical data points or vectors (1D numerical data) as input stimuli, whilst a single 1920 x 1080p RBG image contains 6,220,800 discrete data points (pixels) within a 3D matrix. As such, CNNs were developed to perform dimensionality reduction, through a feature extraction process, in order to convert the inputted 3D image data into a 1D feature vector. (Khan et al., 2018) explain that CNNs consist of three main layer types, including: convolutional, pooling and fully-connected (FC) layers. A visualisation of a simplified CNN architecture is provided below:







[bookmark: _Toc102155993]Figure 11: Simplified CNN Architecture (Gurucharan MK, 2020)

 Convolutional Layers
[image: ]The convolutional layers represent a fundamental building block within the CNN architecture, and are considered the most computationally expensive layers in the network. The fundamental purpose of these layers is to extract features from within the input data by iteratively performing a mathematical convolution operation between regions on the input image and a convolutional  filter (or kernel). A convolutional filter / kernel is a simple 2D matrix, below are four examples of simple 3x3 filters used to detect straight line features in varying orientations:[bookmark: _Toc102155994]Figure 12: Simple Line Detector Kernels (Osman, et al., 2010)

(Hassaballah and Awad, 2020) explain that as the filter is iteratively moved over the input image, the dot product between the filter and image region is determined with respect to the size (MxN) of the filter. The authors explain that the output of a convolutional layer is an activation in the form of a 2D matrix, known as a feature map, that contains higher values in regions where the detected patterns/features are present, and lower values in regions where patterns/features are absent. As such, feature maps are used to describe the location and prominence of a detected feature in the input image. 
(Brownlee, 2019b) explains that whilst the filters used in CNNs can be hand-crafted, such as those presented in fig.12, the real innovation of CNNs is that they have the ability to create/learn a large number of custom filters to describe features that are highly specific to the dataset used to train the model. In CNNs, filters are learned in a similar manner to the way in which weights are learned in multi-layer perceptron’s (discussed in Ch.2.2.2.1). As such, CNNs learn a series of optimal filters that can be used to recognise specific features, patterns and thus objects in the inputted images. In the feature extraction layers of the network (see Fig.11) multiple successive combinations of convolutional and pooling layers (discussed below) are used. (Yosinski et al., 2015) note that in the early layers of the network, simple features such as lines, edges and circularity are learned and thus detected. The authors explain that as the number of layers increases the level of abstraction of the data increases exponentially. In the deepest layers of the network, the features and patterns learned are so abstract/complex that they often far exceed human comprehension.
 Pooling Layers
The pooling layers, also referred to as down sampling layers, are another fundamental building block used in the feature extraction phase of a CNN. The fundamental purpose of the pooling layer is to perform dimensionality reduction on the feature map generated by the preceding convolutional layer, in order to ultimately produce a 1D feature vector. Similar to the operation performed in the convolutional layers, the pooling procedure moves (slides) a filter across the whole inputted image, but in this case the filter applies an aggregation function to the swept region. (Goodfellow et al., 2016) explain that there are two main types of aggregation/pooling functions, these have been summarised and tabulated below:
	Function
	Description

	Max Pooling
	During max pooling, the filter moves across the entire inputted feature map and selects the data point (pixel) with the largest (maximum) value and allocates it into the outputted matrix. Max pooling is by far the most common approach due to its computational efficiency.

	Average Pooling
	Average pooling involves calculating the mean average of the pixel values for each region of the feature map covered by the filter. The authors note that average pooling methods are rarely used as they offer little benefit over max pooling, and are more computationally expensive.


[bookmark: _Toc102156049][image: Table

Description automatically generated]Table 4: Summary of Max & Average Pooling Functions (Goodfellow et al., 2016)[bookmark: _Toc102155995]Figure 13:Illustration of Max vs Average Pooling (Yani et al., 2019)

Much information is lost in the pooling layers, however (Khosravi et al., 2020) explain that this down sampling of the data is necessitated by the need to reduce the number of learnable parameters and thus the computational cost of the model. Pooling operations can also assist in developing a level of translational invariance in the feature extraction phases which increases their robustness. The authors go on to explain that the pooling layers are critical to limiting overfitting of the model. An overfitted model is one that performs well on the training dataset but cannot generalise (or performs poorly) on new images (discussed further in Ch.2.2.3.2).
 Fully-Connected Layers
[image: ]Once features have been extracted in the convolutional layers, and the subsequent feature maps have been sufficiently down sampled in the pooling layers, the outputted vector is fed into the fully connected layers of the network (same as MLPs discussed in Ch.2.2.2.1). This layer is then used to make a classification prediction based on the values present in the feature vector. All of the neurons in the fully connected layers are connected to all of the neurons in the previous layers. Below is a simplified illustration of the FC layers:





[bookmark: _Toc102155996]Figure 14: Simplified Fully-Connected Layers (Hassan et al., 2015)

The number of neurons in the input layer is defined by the size of the inputted feature vector, and the number of neurons in the output layer is defined by the number of classification possibilities. For instance, in a defect classification problem where the image can be classed as defective or non-defective, the number of neurons in the output layer is two. Training of the fully-connected layer is described in Ch.2.2.2.1.
(Aggarwal, 2018)[image: Softmax Activation Function Explained | by Dario Radečić | Towards Data  Science][image: Table

Description automatically generated] explains that a SoftMax activation function is used in the output of the fully-connected layer. The SoftMax function outputs a normalised value (between 0-1) that represents the probability/certainty that the input data (feature vector) is related to each class. A output of one indicates absolute certainty. An example of this function is provided below:[bookmark: _Toc102155997]Figure 15: SoftMax Activation Function  Example (Radečić, 2020)

Model Training
As discussed in Ch.2.2.2.1, the theoretical underpinnings of how deep neural networks are trained is largely based around forward and backpropagation processes and the application of first-order optimisation algorithms using gradient descent. Nowadays, these training procedures are fully automated by support libraries in popular development environments, such as MATLAB’s Deep Learning Toolbox, TensorFlow, Keras and PyTorch. (Goodfellow, Bengio and Courville, 2016a) Explains that practical elements, such as training dataset generation, hyperparameter tuning, and model validation can significantly affect the models performance, and thus must be carefully considered during training.
 Dataset Generation & Augmentation
Whilst many large-scale and open-source datasets now exist for common CNN applications, such as facial and written text recognition tasks, problems that fall outside of these existing data repositories require the creation of custom datasets used to train, validate, and test the models developed. The quality of the training dataset used is significantly important to the models overall performance, thus much care and consideration must be taken during its development. An overview of general data requirements for training CNN models is summarised and tabulated below:
	Requirement
	Description

	Representativity
	(Clemmensen and Kjærsgaard, 2022) discuss the importance of data representativity in their study. Representativity describes how closely the training dataset emulates the real-world data that will be collected when the model is ultimately deployed in its intended application. The authors note that failure to consider representativity during dataset generation may lead to inherent biases in the trained model, which can significantly affect the models effectiveness and performance. This poses a significant challenge in industrial applications, where acquisition of real/representative data may be intrusive or costly.

	Volume
	There is no consensus in literature as to how many instances of data (images) are required to train a CNN model, due to the vast number of variables involved (model architecture/complexity, data variability, problem complexity, number of classes, hyper parameters etc.). However, there is a general rule of thumb used among practitioners that a minimum of 1000 instances per class is required to develop usable models. The (Althnian et al., 2021) study aims to quantify the impact of dataset size on classification performance. Interestingly, the authors conclude that whilst the accuracy of trained models certainly scales with the size of the training dataset (larger is better), representativity had a much larger impact than dataset size alone (small representative datasets outperform large unrepresentative variants).

	Domain Variability
	Domain variability relates to the amount of inter-class and intra-class variation in the dataset. Intra-class variance is defined as variance within the same class of images (variance between images of the same object/subject), while inter-class variance is the variance between different classes of image (variance between images of different objects/subjects). (Therrien and Doyle, 2018) proved that increasing intra-class variation can significantly improve the models ability to generalise and thus classify previously unseen (new) images. Automated data augmentation procedures (discussed further below) can be used to increase intra-class variation in an efficient and effective manner.

	Veracity
	Veracity is a term often used in the field of big data, it refers to the quality / accuracy of a dataset. Improving dataset veracity involves the removal of abnormalities, inconsistencies, duplication and sources of bias. A common problem that affects training dataset quality is noise as a result of annotation errors (mislabelling) during dataset generation. As labelling data is an entirely manual process, it is subject to the risk of human error. (Flatow and Penner, 2015) studied the impact of mislabelling training data on CNN classification accuracy, the authors prove that a  linear correlation exists between the number of labelling errors and test accuracy of the model, a 10% increase in errors results in a 4% reduction in model accuracy.


[bookmark: _Toc102156050]Table 5: Summary of Deep Learning Dataset Requirements
The quantity of labelled data required for training CNNs  is a significant barrier to their deployment in many industrial and medical applications. The rule of thumb presented in table 5, that states functional models require around 1000 images per class for training, poses a significant challenge in terms of data availability, acquisition effort and cost. Consider a defect detection model that uses a CNN to perform classification of various defect types, whilst it may be easy to collect 1000 images of non-defective products, it may be impossible to collect 1000 images of each type of defect, due to the paucity of defect occurrence. (Santos and Papa, 2022) explain that a significant problem, known as overfitting, occurs when a model is trained using a small dataset. An overfitted model will accurately classify the training dataset, but will have poor generalisability in new images, significantly limiting its efficacy in real-world use cases. 
Many strategies have been proposed to deal with this data scarcity issue (see Ch.2.3), the most prevalent of which is data augmentation. Data augmentation is a process used to artificially increase the size of a dataset by generating new datapoints (images) from the existing data. (Shorten and Khoshgoftaar, 2019) explain that minor alterations are made to the image scaling, translation, orientation, perspective, skew, and colouration during the augmentation process. The authors note even synthetic, computer generated images, have proven effective in improving model accuracy, generalisability and reducing overfitting in cases of limited data availability.
 Hyperparameter Tuning
(Goodfellow, Bengio and Courville, 2016b) explain that by design, neural networks have a vast number of hyperparameters containing values that are used to control the training/learning process. Manual tuning of hyperparameters occurs before each training iteration is commenced. There is no single method, other than iterative trial and error, to find the best combination of hyperparameter values for a given model/problem. However, recent advancements in automated hyperparameter tuning, using grid and random search methods, show great promise, but are extremely computationally expensive. A list of significant hyperparameters, as described by (Tuba et al., 2021),  is summarised and tabulated below:
	Parameters
	Description

	Learning 
Rate
	Learning rate controls to what extend the weights are updated on each backpropagation iteration in response to the calculated loss/error. When the learning rate is too small, the training procedure will progress very slowly (or fail to converge). When the learning rate is too high, the model may miss (“skip over”) the optimal weight configuration.

	Number of Epochs
	The number of epochs defines the number of times that the model will be exposed to the entire dataset during training. One epoch means that each image in the dataset was passed through the network one time.

	Number of Hidden Layers and Units
	Hidden layers are defined as all of the fully-connected layers between the input and output layers of the model. Hidden units are the number of neurons in each hidden layer. Changing the number of hidden layers & units alters the number of learnable parameters (weights) and thus the structure of the network. The number of hidden layers and units should be increased until they no longer alter the calculated loss/error.

	Drop-out 
Rate
	Dropout is a regularisation technique used to avoid overfitting. Randomly selected neurons are dropped-out (ignored) during each training iteration. As such, their contribution to subsequent neuron activations is temporarily blocked during forward propagation, and their weights are not adjusted during backpropagation. The result is that the network becomes less sensitive to specific neuron activations.

	Batch size
	Batch size defines the number of images used to calculate the error/loss. A batch size of 10 means that 10 images from the training dataset will pass through the network before the model weights are updated.

	Momentum
	The momentum hyperparameter is used to accelerate the learning process and can be considered as a further extension of the gradient descent optimisation algorithm. It allows the descent search to ‘build inertia’ in the direction of the last step. The fundamental aim is to accumulate the moving average of previous gradients to overcome oscillations in noisy gradients.


[bookmark: _Toc102156051]Table 6: Summary of Significant Hyperparameters Adapted From (Tuba et al., 2021)
[bookmark: _Toc102156134]Deep Learning Methods For Limited Data Availability
In recent years, numerous approaches have been suggested in literature to overcome the data availability/scarcity challenge, including novel architectures and training regimes, but much work remains in proving their effectiveness in practical, real-world applications. Potential solutions to the data availability problem are reviewed in this chapter, with the aim of determining the feasibility of utilising these methods in the development of the aforementioned glue bead inspection system.
[bookmark: _Toc102156135]Transfer Learning
Transfer learning is a training approach where a model developed for a separate, specific problem is retrained and reused as the basis for a new problem. (Brownlee, 2017) explains that transfer learning has been proven effective in a vast number of DL applications, but is particularly useful in computer vision and natural language processing problems, given the significant computational, time, and data resources required to develop deep neural networks from scratch. (Brodzicki et al., 2020) identify two main strategies for transfer learning:
	Strategy
	Description

	Feature Extraction
	Involves using features learned during the training of the previous network to extract features from the new dataset. This approach involves retraining only the fully-connected layers of the new model, and leaving the convolutional and pooling (feature extraction) layers unchanged. It provides a simple, fast and effective way to leverage existing models/architectures.

	Fine-Tuning
	Similar to the feature extraction method, except a number of convolutional and pooling layers are also retrained during fine-tuning. It allows practitioners  to adjust the high-level feature maps in the base model to make them more specific to the new task, but is often subject to overfitting.


[bookmark: _Toc102156052]Table 7: Two Main Transfer Learning Strategies (Brodzicki et al., 2020)
Transfer learning (TL) has been proven effective in many defect detection problems; (Liu et al., 2021) used a TL approach to achieve detection accuracy of 99% of defects in injection moulded components with only 200 images per class, (Ghosh et al., 2018) achieved 91.1% classification accuracy of manufacturing defects in printed circuit boards with 400 images per class and (Kumaresan et al., 2021) achieved 97.8% accuracy of weld defects using a maximum of 160 images per class. However, (Weiss et al., 2016) explain that practitioners should be aware of a significant limitation of transfer learning, called negative transfer. The principle of negative transfer states that transfer learning will decrease model performance when the initial and target domains are not sufficiently similar to share learned features.
[bookmark: _Toc102156136]Siamese Neural Networks (One-Shot Learning)
Siamese Neural  Networks (SNNs) are a type of one-shot learning algorithm developed to challenge the data availability problem. One-shot learning is a DL approach that requires the developed model to map features and make predictions given only a single instance of training data (Kadam and Vaidya, 2020). The aim of this approach is to simulate the biological learning process more closely than is achievable using a standard supervised CNN approach. Unlike CNNs, the human brain does not require hundreds or thousands of exposures in order to learn how to recognise an object. Instead, humans are typically able to recognise an object from the very first time they see it (one-shot).
[image: One-Shot Learning With Siamese Network | by Renu Khandelwal | The Startup |  Medium]SNNs are a variation of the standard CNN architecture, it is a fundamentally different approach than the standard supervised learning methods described previously. Unlike a pure classification task, the aim of SNNs is not to assign the input data (image) to some discrete class, but rather determine the similarity (or dissimilarity) between two inputted images, namely an anchor image and a query image. Formally, SNNs are referred to as contrastive learning models. Below is an illustration of a simplified SNN architecture:







[bookmark: _Toc102155998]Figure 16: Illustration of Simplified SNN Architecture (Khandelwal, 2021)

(Chicco, 2020) Explains that SNNs are a form of deep neural network that contain two (or more) identical CNNs (subnetworks) that share the same configuration in terms of their architecture, parameters and weights. When an image is fed into each subnetwork, the outputted feature vectors (also called encodings/embeddings) are compared against each other using a loss (differencing) function, common loss functions include triplet and contrastive loss (discussed below). The fundamental output of the  function, and thus the SNN, is a score value, normalised between 0-1, that describes the magnitude of similarity between the input images.
This form of contrastive learning has proven to be extremely advantageous in a number of applications were it is not possible to create a dataset that includes all potential classes of data, including; facial recognition, signature verification tasks and anomaly detection (Mokhtari, 2021). Traditionally, CNNs learn to predict a predefined number of discrete classes, which poses a problem when there is a need to add a new instance of data. In this scenario, the entire model requires retraining using a new dataset that contains the new class of data, which is computationally expensive, time consuming and wasteful. As SNNs do not classify data into discrete classes, but instead identify similarity, they are able to provide similarity predictions on any class of data, regardless of whether or not that specific instance was included in the training dataset.
Similar to the way a loss function is used to estimate, and thus optimise, the error between predicted classifications and the ground truth during training of standard CNNs (see Ch.2.2.2.1), loss functions are also used during the training of SNNs, but here they are used to estimate the Euclidean distance between the feature vectors of each inputted image. (Chicco, 2020) Identifies the two main loss functions used in the training of SNN models:
	Training Method
	Description

	Contrastive Loss
	Training a SNN using contrastive loss involves creating a dataset with positive (matching) and negative (not matching) pairs of images. Features from each image are extracted in the convolutional layers and corresponding feature vectors (embeddings) produced. The two embeddings are projected onto a 2D hyperspace (plot) and the Euclidean distance (contrastive loss) between them is calculated. Forward and backpropagation is used to optimise the loss. Loss is minimised for positive image pairs and minimised for negative image pairs.

	Triplet Loss
	Triplet loss operates in much the same way as contrastive loss. However, as its name suggests, three images are used to train the network simultaneously. The training image triplet consists of an anchor, neighbour (positive) and distant (negative) sample. the triplet loss function aims to decrease the distance of anchor and neighbour embeddings and increase the distance of anchor and distant embeddings.


[bookmark: _Toc102156053]Table 8: Summary of Contrastive & Triplet Loss
The use of SNNs in CV defect detection systems has a significant potential benefit over standard CNN approaches; the ability to detect new defect types without retraining the model. Instead of training a CNN model to identify individual defect types using a vast dataset, a SNN can be trained to learn the ideal (non-defective) state, and thus identify any visual abnormalities which would be considered indicative of defect occurrence. A potential limitation of this approach is that it cannot be used to collect defect type data, but only defect occurrence data.
Siamese Neural Networks for Defect Detection
The use of Siamese network architectures in CV defect detection tasks has gained popularity amongst academic and industrial communities in recent years, which is reflected in the growing number of related publications in this field. A summary of recent works is tabulated below:
	Authors
	Description

	(Nagy and Czúni, 2022)	The authors propose a novel SNN architecture to detect surface defects in steel production, the VGG16 network architecture is used as a backbone for the convolutional layers. Interestingly, the authors use a branch of the FC layers to make classifications, thus enabling them to classify known defect types and detect new defect types. The SNN achieves 85.80% detection accuracy on the NEU dataset.

	(Tao et al., 2022)	A novel dual (4 subnetwork) SNN architecture is developed to perform surface defect detection in a number of applications (wood, textiles, glass production etc.). The authors show that this dual SNN architecture can be used to perform segmentation of surface defects, achieving impressive mean pixel AUC-ROC (area under receiver operating characteristic curve) of 96%. 

	(He et al., 2022)	The authors modify a predefined SNN architecture to perform defect detection on a dataset of stamping process defects. Respectable precision, Recall and F score values of 80.7%,  71.4%, and 75.7% respectively are achieved. However, the authors performed extensive augmentation of the training dataset (800 to 30,000 images) which hinders this approaches credibility to function with limited data availability.

	(Miao et al., 2021)	The Miao et al,. study compares numerous predefined CNN architectures by using them as a backbone in a simple SNN architecture. The authors train the models to detect defects in printed circuit boards using their own (real world) dataset. The ResNetV2 architecture performs the best, achieving a detection accuracy of 97.60%

	(Schlagenhauf et al, 2020)	The authors propose a novel SNN architecture that combines a standard SNN (based on a VGG16 backbone) and a radial basis function to determine the similarity between the embeddings (steel surface defects). A multilayer perceptron (FC Layer) is used to classify defect types. The model achieved a detection accuracy of 99.69%.

	(Deshpande et al., 2020)	Deshpande et al. deployed a simple SNN architecture to detect sheet metal surface defects (NEU dataset). The authors compared the performance of the SNN against a standard CNN, they explained that whilst the CNN performed marginally better (93.24% vs 92.55% accuracy), it required significantly more training data.

	(Luan et al., 2020)	A SNN with integrated similarity structure index (SSIM) is proposed to perform cross-category defect detection (visually different objects belonging to different categories) without re-training. Whilst ROC curves are provided in the study, unfortunately the authors fail to directly quantify the models detection accuracy.

	(Wu et al., 2019)	Wu et al., propose a SNN architecture to perform defect detection on buttons used in clothing. The dataset used to train the model is limited in size (around 200 images per class before augmentation) and unbalanced (more non-defective images). The model achieves detection accuracy of 95%. Interestingly, the model is deployed on an edge-based processing device achieving 6 fps, sufficient for real-time detection.


[bookmark: _Toc102156054]Table 9: Summary of Recent Works in SNN Defect Detection
[bookmark: _Toc102156137]Role of Edge Computing in Accessible AI
It has long been argued that advancements in cloud computing capabilities are among the most significant factors driving the development, and thus adoption of AI solutions for industrial applications. Storing and analysing process data in the cloud, as opposed to on-premises, offers tangible benefits, such as access to unrivalled computing power and data storage capacities, simplified access to data from any location, and reduced constraint as a result of costly and management-intensive IT infrastructure. However, a recent survey by (statista, 2021) found that only 32% of all (large and small) UK manufacturing enterprises used cloud computing services in 2020. This number is thought to drop substantially amongst small and medium-sized enterprises, who typically struggle to adopt cloud technologies as a result of a lack of financial and knowledge-based resources (Tehrani and Shirazi, 2014).
Storing and analysing process data locally, using edge devices and on-premises IT infrastructure, is still preferred by many manufacturing enterprises. Whilst this approach certainly incurs higher initial investment and system maintenance costs, it also has a series of inherent advantages: local access to data is faster (lower latencies) and more reliable (independent of bandwidth), vulnerability of sensitive process data is reduced, and reliance on services provided by third parties is diminished, removing the risk of vendor lock-in. 
The popularity of local computation has given rise to a subset of AI research, referred to as edge AI. Edge artificial intelligence is a paradigm for the creation of algorithms specifically developed and optimised to run directly on field devices, in close proximity to the data generating processes and sensor networks, often referred to as the edge of the network. (Leung et al., 2020) note that the efficacy of deploying edge AI models has been driven by three recent advancements, these are summarised below:
	Advancement
	Description

	Increasing Compute 
	[bookmark: _Hlk101771600]Edge AI is inextricably linked to computational power, recent advancements such as GPU accelerated system on a module (SoM) devices and  highly parallel GPU technology are improving edge computational capacity.

	Maturation of DNNs
	Development of Deep Neural Networks and related AI infrastructure has led to increased awareness and adoption of such methods in industry. This has fuelled the demand for edge devices capable of deploying such algorithms.

	Data Availability
	Increasing collection and storage of process sensor data, and the growing adoption of Internet of Things (IoT) enabled devices means organisations increasingly have access to the data required to deploy edge AI models.


[bookmark: _Toc102156055]Table 10: Recent Advancements Driving Edge AI Adoption
(McFarlane et al., 2020) give credence to the need to develop low-cost solutions to promote the adoption of digital technologies, such as artificial intelligence, amongst small and medium-sized manufacturing enterprises. The authors explain that 77% of manufacturing enterprises surveyed consider missing digital skills to be a barrier to digitalisation, and 59% cite high initial investment and operational costs as another major barrier. The authors study, centred around the digital manufacturing on a shoestring programme instigated by the Institute for Manufacturing (IFM), demonstrates that off-the-shelf (commercially available) hardware and open-source software should be used to ensure a low-cost solution is achieved.
(Kaiser et al., 2021) also describe the need for low-cost AI solutions for manufacturing SMEs. The authors argue that ‘on-device’ (edge) computation is favourable when compared with cloud computing in such applications, due to lower associated costs, improved algorithm interpretability/transparency,  and improved data security. Interestingly, the authors note that low-cost hardware and software alone is not sufficient to this end. The authors explain there is a need to minimise the expenditure during model development tasks, such as laborious and knowledge-intensive data preparation, algorithm development and parameter tuning, in order to develop truly low-cost AI solutions that can challenge cost as a barrier to entry for SMEs.
[bookmark: _Toc102156138]Low-Cost Edge AI Devices
In recent times, there has been a proliferation of System on Module (SoM) and Single Board Computer (SBC) devices designed specifically for AI enabled CV applications. Technology companies such as Nvidia, Google, and Intel currently dominate the SoM market. Below is a comparison of three low-cost SoM devices suitable for AI enabled CV tasks:
	Device
	Description

	Nvidia Jetson Nano 
	The Nvidia Jetson Nano is a SoM device that uses a 128-core Maxwell GPU and Quad-core ARM A57 CPU with 4GB of RAM. The device is designed for CV applications and is capable of running parallel neural networks. The device achieved 25fps in the (Bangash, 2020) benchmark inference test, with a max inference time of 38ms.

	Google Coral Edge TPU
	The Google Coral Tensor Processing Unit is a SoM device that uses a quad Cortex-A53 CPU and an integrated GPU with 1GB of RAM. The device is specifically designed for inference of DL models developed in TensorFlow. The device achieved 9fps in the (Bangash, 2020) benchmark inference test, with an inference time of 92ms. 

	Intel NCS 
	The Intel Movidius Neural Compute Stick is a USB accelerator device that is designed to increase the performance of generic Single Board Computer (SBC) devices such as a raspberry Pi. The device uses a Myriad 2 vision processing unit (VPU) with 4GB of memory but has no GPU capability. The device achieved 4fps in the (Bangash, 2020) benchmark inference test, with an inference time of 227ms.


[bookmark: _Toc102156056]Table 11: Comparison of Low-Cost Edge AI Devices
[bookmark: _Toc102156139]Demystifying AI to Promote Adoption
The need to demystify AI in order to promote adoption by industry is currently in vogue amongst practitioners, which is evidenced by the increasing prevalence of publications on the topic. A recent survey by (UK Gov, 2021) found that there is a translational gap between large enterprises and SMEs with regards to their plans to adopt AI, with 90% of large enterprises surveyed stating that they have already made plans for adopting AI workflows, compared with 48% of SMEs. This is a particularly poignant issue for Wales, where the manufacturing landscape is disproportionately populated by micro, small and medium-sized enterprises. The most recent size analysis of businesses, by (Welsh Gov, 2021), shows that approximately 98% of active manufacturing enterprises in Wales are considered to be SMEs. As such, for over half of all manufacturing organisations in Wales, AI adoption is still an unexplored concept.
(Bedué and Fritzsche, 2022) note that the interpretability and explainability of AI solutions is a major barrier to entry for many manufacturing enterprises. The authors explain that even subject-matter experts typically have very limited understanding of why an AI algorithm makes decisions or exhibits certain behaviours. (Rai, 2020) notes that many ML and DL algorithms, such as deep neural networks, are inscrutable due to the black box principle (discussed further in Ch.2.5.1). This inscrutability can impede manufactures’ trust in AI solutions, especially in high compliance sectors (aerospace, automotive, military and medical manufacturers etc.) where the consequences of failure are significant. A fundamental lack of trust in AI solutions often leads to rejection of such approaches by manufacturing enterprises. Many practitioners predict that the development of explainable AI (XAI) approaches will lead to the next paradigm shift in AI research.
[bookmark: _Toc102156140]Black Box Principle
The black box principle is a metaphor used to describe AI models that are so inherently complex that they cannot be interpreted by humans, Deep Neural Networks are a common example of this black box theory. Complex DNNs may consist of millions of randomly initialised learnable parameters (weights) in the hidden layers of the network. These hidden weights are autonomously updated during forward and backpropagation. As such, it is impossible to comprehend/map the interactions and dependencies between these parameters during training, due to the sheer numbers involved. (Brownlee, 2020) provides a formal definition of the black box principle, he states that although neural networks can theoretically be used to approximate any given function, studying the structure and parameters of the neural network will not provide any insights as to the structure of the function being approximated. As such, The only observable elements of the architecture are the input layers, where data is fed into the network, and the output layers, where the network outputs a prediction. 
This lack of transparency has led many within academic and industrial communities to conclude that DNNs, and other black box models, are simply not appropriate for use in applications involving high-stakes/non-trivial decisions. Some practitioners suggest that smaller, easier to interpret algorithms, such as decision trees and Bayesian networks, are preferable in such applications. However, this approach presents a challenging dichotomy; should simpler, but typically less performant, algorithms be deployed in place of state-of-the-art models due to their improved interpretability alone? 
[bookmark: _Toc102156141]Explainable AI
The dichotomy discussed above is driving research into explainable AI (XAI), the fundamental aims of this research are to:
1. Develop more explainable models that are capable of comparable performance (prediction accuracy) to the current state-of-the-art.
2. Allow human users to understand, and thus trust, the next generation of AI models.
[image: Explainable Artificial Intelligence]A schematic of the XAI workflow is provided below:






[bookmark: _Toc102155999]Figure 17: Explainable AI (XAI) Workflow (Turek, 2016)

Whilst XAI is still very much in its infancy, the number of publications proposing solutions to the explainability problem is growing rapidly. (Escalante et al., 2018) explain that in CV applications, most proposed solutions involve generating post-hoc rationales / visualisations of the features learned by CNNs. These visualisations are often referred to as pixel attribute or saliency maps, and are used to highlight which features in the input image contributed to the prediction/classification decision. Whilst saliency maps alone are unlikely to convince industrial practitioners of the trustworthiness/efficacy of CNNs, they show great promise in the journey towards improving CNN explainability more generally, and thus promote adoption.
[bookmark: _Toc102156142]Summary
[bookmark: _Hlk101192984]There is clear demand from industrial organisations to develop automated inspection systems that can challenge the limitations of manual equivalents. Whilst conventional image processing methods, such as feature extraction and description algorithms, have been used in this regard for many years, recent advancements in machine and deep learning have quickly become the state-of-the-art in industrial computer vision tasks, such as defect detection.
A commonly cited limitation of these state-of-the-art models, and specifically Convolutional Neural Networks, is their data-intensive nature. In order to avoid overfitting, vast datasets must be used to train the model. Data availability in industrial defect detection applications is often a significant challenge, as there is typically an abundance of non-defective instances, but a paucity of defective components from which to compile the training data. 
Contrastive learning models, such as Siamese Neural Networks, show great promise for developing defect detection algorithms with limited data availability. Instead of identifying discrete defect classes, contrastive models detect defects by identifying deviations from the nominal (non-defective) state. Siamese networks are thus able to detect new defect types without retraining of the model, a significant advantage over conventional CNNs.
Deployment of these models on low-cost, embedded/edge AI devices, can challenge cost as a barrier to entry for SMEs. However, much work remains in proving their trustworthiness and efficacy in order to promote adoption amongst industrial practitioners.
[bookmark: _Toc102156143]Gaps in Research
[bookmark: _Hlk102138725]The use of Siamese Neural Network architectures in defect detection tasks is a contemporary research topic in AI-enabled computer vision applications, as evidenced by the increasing number of publications in this field in recent years. However, many of the publications found in literature do not apply these models to true industrial problems. For instance, many of the papers surveyed in Ch.2.3.2.1 use established, open-source datasets. Whilst these datasets may be considered optimal for training, they do not accurately capture the real-world constraints often faced in true industrial applications, which raises questions about their applicability.
It is also noted in this survey of literature that there is a distinct lack of studies that aim to document, and thus reduce, the effort required during the data preparation and modelling phase of developing deep learning solutions. In order to develop truly low-cost solutions, the expenditure as a result of this effort should be considered and discussed more openly.
[bookmark: _Toc33988005][bookmark: _Toc102156144]Methodology
[bookmark: _Toc102156145]Project Overview
As described in Chapter 1.4, the fundamental aim of this study is to determine the feasibility of developing an automated inspection system for robotic glue deposition processes that leverages recent advancements in deep learning to overcome the limitations of manual inspection methods. 
The project can thus be categorised into three distinct areas of study:
1. Image acquisition hardware development
2. Software considerations and algorithm development
3. Testing/validation of the algorithm performance 
Initially, a defect classification algorithm, using a standard Convolutional Neural Network approach was considered for glue bead defect detection. However, research conducted in the literature review above identified that, in scenarios where data availability is limited, CNNs are considered suboptimal due to the models’ inherent tendency to overfit. 
[image: A picture containing text

Description automatically generated]As such, a comparative study between a one-shot contrastive learning model, using a Siamese Neural Network architecture, and a standard CNN classification approach is proposed here. Quantitative experimental analysis will be used to determine key performance indicators, such as Training classification accuracy, training loss, validation classification accuracy, validation loss, and each models sensitivity to training dataset size. The workflow of the project is summarised below:[bookmark: _Toc102156000]Figure 18: Summary of Project Workflow

[bookmark: _Toc102156146]Image Acquisition Hardware
[image: Diagram, engineering drawing

Description automatically generated]Due to the distance between UWTSD (Swansea) and the partner company (Wrexham) it was not feasible to develop the inspection system on-site. This necessitated the development of an image acquisition / test apparatus that simulated the conditions within the cobot cell at Hi-Mark Automotive.  Within the cobot cell, two isolator sleeves are grasped simultaneously by a pneumatic end effector mounted to a Universal Robots UR5. In order to apply glue to the inner most surface of the isolator sleeve, the cobot positions the components on an opening guide. The end of arm tooling then rotates each isolator sleeves about the guide, providing enough clearance for glue deposition via a stationery extrusion nozzle (See Appendix 1). The room in which the cell operates is artificially lit (white light-emitting diodes) with no sources of natural light. As such, the cobot cell is subject to stable ambient lighting conditions. Below is a labelled CAD representation of the image acquisition apparatus developed for this study:







[bookmark: _Toc102156001]Figure 19: CAD Illustration of Image Acquisition Hardware


	Label
	Component

	1.
	Camera System 1 (Arducam B0251 Mini HQ IMX477 12.3MP)

	2.
	Camera System 2 (Arducam B0250 HQ IMX477 12.3MP)

	3.
	Nvidia Jetson Nano 4GB Edge AI System on Module (SoM)

	4.
	Isolator Sleeve Rotation Mechanism (NEMA 17 Stepper Motor)

	5.
	Isolator Sleeve Linear Translation Mechanism (NEMA 11 Stepper Motor)

	6.
	Control Box (Power Management System & Arduino Stepper Motor Drivers)


[bookmark: _Toc102156057]Table 12: Image Acquisition Hardware Components List
[bookmark: _Toc102156147]Camera System Specification
The occluded nature of the isolator sleeve glue bead (illustrated in Fig.20 below) presented a series of challenges during the design of the camera system; 
1. The isolator sleeves must be physically manipulated (opened) and simultaneously rotated in order to inspect the glue bead due to the components toroidal shape.
2. Artificial lighting is required to illuminate the inner surface of the isolator sleeve.
3. The size constraint of the isolator sleeve opening required the camera lens, opening guide & lighting source to be contained within a 20x30mm rhomboidal geometry.
4. [image: Diagram

Description automatically generated]The close proximity between the camera lens and the glue bead required a camera system configuration with a permissible focal range <7.5mm.



[bookmark: _Toc102156002]Figure 20: Glue Bead Occlusion Illustration

The glue applied to the isolator sleeves is fluorescent under ultra violet (UV) light, which offers a significant advantage when differentiating between the glue bead and surrounding materials during image analysis. The following Absorption / emission plot was provided by the partner company to determine the ideal UV wavelength. 









[bookmark: _Toc102156003]Figure 21: Glue UV Absorption & Emission Spectra Plot

[image: Diagram, engineering drawing

Description automatically generated]The camera system developed for glue bead image acquisition is illustrated in figure 22 below. The image sensor used, a Arducam B02051 IMX477, was chosen as it offered strong technical specifications (see Fig.23 below) whilst maintaining the low-cost ethos of this study, costing just £50.38. In line with recommendations made by (McFarlane et al., 2020), all camera/computing hardware used in this study is available ‘off-the-shelf’ and with low financial expenditure.











[bookmark: _Toc102156004]Figure 22: Camera System Labelled Diagram

The technical specification of the Arducam B0251 IMX477 image sensor and lens combination is summarised and tabulated below: 
	Camera Specification

	Sensor
	Sony IMX477 CMOS Active Pixel (Colour)

	Optical Format
	1/2.3−inch (diagonal 7.857 mm)

	Resolution
	4056 (H) × 3040 (V) at 60 frame/s

	Shutter
	Rolling Shutter

	Interface
	2-lane MIPI CSI-2 (15 to 22 pin)

	Pixel Size
	1.55 um x 1.55 um

	IR Sensitivity
	Visible Light

	Lens Specification

	Focal Length
	3.9 mm

	Aperture (F)
	F2.8

	Field of View (FOV)
	80° (H)

	Format: 
	1/2.3 inch

	Lens Mount
	Standard M12 Mount


[bookmark: _Toc102156058]Table 13: Summary of IMX477 Technical Specifications
[bookmark: _Toc102156148]Image Processing Unit Specification
As the vision system being developed is intended for deployment in a production environment, a discrete image processing unit is required for computation of the defect detection algorithms. The device must be both affordable and commercially available to align with the studies low-cost objectives, whilst having sufficient power and robustness to reliably run deep convolutional neural networks for inference. As discussed in Ch.2.4.1, recent advancements in GPU accelerated system on a module (SoM) devices has led to a proliferation of compatible devices into the domestic computing/technology market.
[image: A picture containing text, electronics

Description automatically generated]The Nvidia Jetson Nano (See Figure) was ultimately chosen as the most suitable edge computation device. As shown in the (Bangash, 2020) benchmark tests, the Nvidia device outperforms its main rivals from Google and Intel for CNN computation. The device is low-cost (£92.72), offers multiple I/O capabilities, and unlike competing devices, has a robust thermal management system capable of sustained computation.
[bookmark: _Toc102156005]Figure 23: Labelled Illustration of Nvidia Jetson

A summary of the Nvidia Jetson Nano technical specification is provided below:
	Nvidia Jetson Nano Technical Specification

	CPU
	Quad-core ARM Cortex-A57 MPCore processor

	GPU
	NVIDIA Maxwell architecture, 128 CUDA cores

	Memory
	4 GB 64-bit LPDDR4, 1600MHz 25.6 GB/s

	Storage
	16 GB eMMC 5.1

	Camera
	12 lanes (3x4 or 4x2) MIPI CSI-2 D-PHY 1.1 (1.5 Gb/s per pair)

	Connectivity
	Gigabit Ethernet, M.2 Key E

	I/O
	40 pin expansion header (GPIO, SDA, SCL, UART TX & RX).

	USB
	4x USB 3.0, USB 2.0 Micro-B

	Display
	HDMI 2.0 and eDP 1.4


[bookmark: _Toc102156059]Table 14: Nvidia Jetson Nano Technical Specification
[bookmark: _Toc102156149]Software Considerations
[bookmark: _Toc102156150]Algorithm Development Environment
There are many programming environments that offer dedicated software libraries for developing machine and deep learning algorithms, by far the most common amongst computer vision practitioners are python-based variants such as TensorFlow, Caffe, PyTorch and Keras. For this study, MATLAB has been chosen as the development environment due to its simplified model development workflow and  rapid algorithm prototyping and evaluation capabilities.
Historically, MATLAB has not been seen as a popular choice of programming environment amongst ML & DL practitioners, attributed to a series of algorithm performance and deployment limitations. However, since the development of the Deep Learning Toolbox in 2018, which aimed to addressed these limitations, MATLAB has steadily gained popularity.
Below is a list of contributing factors that ultimately led to MATLAB being chosen as the algorithm development environment.
	Factor
	Description

	Array orientated programming
	Array/matrix-based programming in MATLAB simplifies manipulation of image data, which presents a significant advantage over object orientated programming for computer vision tasks.

	Interoperability
	Although MATLAB is a proprietary programming language, CNN models can be easily deployed in open-source languages (C++, C#, Python) via the Open Neural Network Exchange (ONNX) framework. MATLABs support for the ONNX framework allows practitioners to automatically import and export deep learning models to other popular, open-source libraries such as TensorFlow, Caffe, PyTorch and Keras.

	Toolboxes & Libraries
	MATLABs Deep Learning Toolbox has a vast number of predefined libraries and functions that enable rapid prototyping and evaluation of machine and deep learning models. MATLAB also contains a series of domain-specific apps that significantly reduce data pre-processing effort, for tasks such as denoising, resizing, and data augmentation etc. 

	Experiment Manager
	The Experiment Manager app allows practitioners to tune hyperparameters automatically, the app supports exhaustive search and Bayesian optimisation of hyperparameters. The app can also be used to produce training and validation plots.

	Flexible Deployment
	MATLAB can automatically generate scripts to deploy deep learning models in CUDA, C code and other enterprise systems, or the cloud. It can also generate optimised code for device libraries, such as Nvidia (cuDNN & TensorRT), Intel (MKL-DNN) and ARM (ARM Compute Library).


[bookmark: _Toc102156060]Table 15: MATLAB Contributing Factors
[bookmark: _Toc102156151]Algorithm Development
This chapter presents the MATLAB scripts generated for image acquisition, pre-processing/augmentation, datastore generation, model training and validation of the proposed Siamese Neural Network, the standard CNN is not described here as it was developed and trained using the MATLAB Neural Network Designer app. This description will emphasise salient sections of code, however a file containing the full scripts can be found in appendix 1.
[bookmark: _Toc102156152]Image Acquisition
[image: ]Image acquisition involved compiling a dataset of defective and non-defective glue bead images. The acquisition script was deployed directly on the Nvidia Jetson Nano device in order to avoid any latency issues that may occur when controlling the device via MATLAB, a separate script was used to drive the stepper motors that rotate the components. [bookmark: _Toc102156006]Figure 24: Nvidia Jetson Nano Image Acquisition Script

[image: ]The above section of code uses the ‘nvarguscamerasc’ function to record a live video stream from the connected camera system in a .mp4 format. The framerate is set to 60fps and the frame size is 1920 x 1080 pixels.
[bookmark: _Toc102156007]Figure 25: MATLAB Frame Extraction Script

A simple MATLAB script was used to discretise each video (.mp4) into individual frames (.jpg). Each extracted frame is then exported to the directory file ‘ Extracted Images’. 13500 images of each class (defective/non-defective) were extracted from 50 isolator sleeve samples.
[bookmark: _Toc102156153]Image Pre-processing
The pre-processing steps applied to this dataset are very simplistic. As the images acquired are high definition/quality and captured within a controlled lighting environment, no denoising was required. The only processing required was cropping the image to remove extraneous regions, downsizing of the images in order to match the input layer of the network architecture (described below), converting each image to greyscale, and flipping each image vertically to augment the dataset. Downsizing and greyscale conversion of training images is common practice to reduce data dimensionality and decrease training effort/time. Further augmentation of the data set will be considered during the model evaluation phase if a tendency to overfit is identified.
[image: ]







[bookmark: _Toc102156008]Figure 26: Image Pre-processing Function

A visualisation of the pre-processing steps described above is provided below:
[image: Diagram

Description automatically generated with low confidence]








[bookmark: _Toc102156009]Figure 27: Visualisation of Image Pre-Processing Steps

[bookmark: _Toc102156154]Image Datastore Generation
All Deep learning models developed in MATLAB require the creation of an ‘imageDatastore’ object. An imageDatastore contains the file locations (paths) to each of the training images and an array of corresponding labels (defective/non-defective). In this case, the label information is stored within the name of each image file (i.e. ‘Defective (1).jpg’), so a simple script is used to create an array of label data extracted from the image file name strings. 
[image: Graphical user interface, text, application, email

Description automatically generated]








[bookmark: _Toc102156010]Figure 28: ImageDatastore Generation Script

The main datastore is then split in to two separate datastores, 80% for model training and 20% for validation, using the ‘splitEachLabel’ function. Each datastore is then randomly shuffled to avoid data sequence bias.
[image: Text

Description automatically generated]Two simple scripts are used to visually check that the imageDatastores are initialised correctly, the first is used to extract and plot images labelled defective and non-defective. The second is used to create similar and dissimilar pairs.[bookmark: _Toc102156011]Figure 29: Datastore Test Script 1

[image: A picture containing text

Description automatically generated]A visualisation of the output of the test code described above is provided below:[bookmark: _Toc102156012]Figure 30: Visualisation of imageDatastore Test Script 1
[bookmark: _Toc102156013]Figure 31: ImageDatastore Test Script 2
[bookmark: _Toc102156014]Figure 32: Visualisation of ImageDatastore Test Script 2

[image: Graphical user interface, text, application, email

Description automatically generated][image: A picture containing text, mounted, public

Description automatically generated]
[bookmark: _Toc102156155]Model Training
[image: A picture containing table

Description automatically generated]This chapter describes the script used during the training phase of the Siamese model development. The first phase involves defining the CNN subnetwork architecture. The model, based on a proven CNN architecture developed by (Koch et al., 2015), contains 13 layers. The model is simplistic yet effective, containing only convolutional (feature extraction), rectified linear units (activation functions), max pooling layers (dimensionality reduction) and fully connected (classification) layers.[bookmark: _Toc102156015]Figure 33: Script for Defining Subnetwork Architecture

[image: Diagram

Description automatically generated]Below is a visual illustration of the CNN subnetwork architecture described above:[bookmark: _Toc102156016]Figure 34: CNN Subnetwork Illustration

[image: Graphical user interface, text, application

Description automatically generated]Once the model architecture is defined, a series of parameters must be initialised before training is commenced. Firstly, the training is offloaded to a graphics card to improve performance. The weights and biases contained within the fully connected layer are then randomly initialised by selecting values from a normal distribution, the standard deviation is set to 0.01. A series of hyperparameters (lines 36-40) are defined (tuning of hyperparameters is described in Ch.4). Finally,  empty vectors are created to store the ADAM solver parameters generated during training, and a training loss vs iteration number line plot is initialised.[bookmark: _Toc102156017]Figure 35: Model Parameter Initialisation Script

As mentioned above, the hyperparameters presented in lines 36-40 are initially set on an ad hoc basis in order to enable the model to function, these parameters will then be tuned using a combination of exhaustive sweep and Bayesian optimisation methods within the MATLAB experiment manager app (Deep Learning Toolbox). 
MATLABs Deep Learning Toolbox contains a series of predefined functions that fully automate the training procedure for standard image classification CNNs, such as the ‘trainNetwork’ function. However, this is not the case for Siamese neural networks. Whilst the library does offer some supporting functions, such as ‘getSiameseBatch’ and ‘adamupdate’, a custom training loop must be defined in order to train a SNN model.   
A summary of the training loops main functions is provided below;
1. Use ‘getSiameseBatch’ to compile a batch of image & label pairs
2. Convert image data to a ‘dlarray’ object 
3. Convert ‘dlarray’ to ‘gpuArray’ object for GPU offloading
4. Use ‘dlfeval’ and the ‘modelLoss’ functions to evaluate gradients & loss 
5. [image: Graphical user interface, text, application

Description automatically generated]Update model parameters (‘adamupdate’ function)[bookmark: _Toc102156018]Figure 36: Siamese Neural Network Training Loop

[bookmark: _Toc102156156]Model Testing 
 The validation of deep learning models can be separated into two distinct tasks, validation that occurs simultaneously alongside model training,  and validation that occurs only once the model has converged. The fundamental aim of model validation is to provide an unbiased approximation of the models generalisability by determining the accuracy of classifications made on data never before seen by the model. In both cases,  the training dataset is split into a ‘testing set’ and a ‘training set’. It is vitally important to ensure that the validation set is never used to directly update (train) the models parameters.  The common metrics used during CNN classification model validation include;
1. Test/mini-batch Accuracy (classification accuracy on the training set).
2. Validation accuracy (classification accuracy on the testing set).
3. [bookmark: _Hlk102002379]Training loss (summation of errors between predictions and ground truth on training set). 
4. Validation loss (summation of errors between predictions and ground truth on testing set).
[image: Text, letter

Description automatically generated]The code used to validate the models during training is appended to the training loop described above. Only the code used during model training is presented here, as post-training evaluation was completed in MATLABs Experiments Manager App.[bookmark: _Toc102156019]Figure 37: Model Validation Script

[bookmark: _Toc102156157]Model Analysis Procedure
In order to compare the suitability of a Siamese Neural Network architecture against a conventional Convolutional Neural Network architecture for glue bead defect detection, two identical 13 layer sub-models are developed (using the architecture described in fig.34). Data (see metrics in Ch.3.5.3) collected during training of both models will be directly compared in order to identify the most performant variant. This process can be summarised in five phases:
	Phase
	Description
	Environment

	1.
	Evaluation of Siamese Network training data.
	MATLAB (Manual)

	2.
	Evaluation Siamese Network hyperparameter tuning data.
	Experiment Manager

	3.
	Evaluation of CNN Network training data.
	MATLAB (Manual)

	4.
	Evaluation CNN Network hyperparameter tuning data.
	Experiment Manager

	5.
	Comparison of models sensitivity to training dataset size
	MATLAB (Manual)


[bookmark: _Toc102156061]Table 16: Model Evaluation Phases
To avoid bias, each model will be trained and evaluated using the same dataset and data distribution (80% train, 20 % test). The same hyperparameter options will be defined and the models will also use the same loss functions (binary cross-entropy) and classification functions (Sigmoid).
[bookmark: _Toc102156158]Binary Cross-Entropy Loss
Binary cross-entropy loss offers two significant advantages in this application over the contrastive and triplet loss functions discussed in Ch.2.3.2, Firstly, it was specifically developed/optimised for binary classification problems. Secondly, it can be used by both the SNN and CNN model, allowing for direct comparison of each models loss performance metrics. Binary cross-entropy loss is determined using the following equation:
[image: ]
	
[bookmark: _Toc102156069]Equation 1: Binary Cross-Entropy Loss (Goodfellow, 2016b)

Where:
 = Number of classes (defective/non-defective)
  = Binary indicator (0 or 1) if the class label is the correct classification for observation 
 = Predicted probability that observation  is of class 
Sigmoid Classification Function
[image: Sigmoid function - Wikipedia]The purpose of the sigmoid function, often referred to as the classification layer, is to convert the activations outputted by the networks feature vectors into a probability of an observation being related to a particular class.

[image: ]



[bookmark: _Toc102156070]Equation 2: Sigmoid Function Equation (Goodfellow, 2016b)

[bookmark: _Toc102156159]Performance Metrics
Below is a summary of the network performance metrics that are considered in this analysis:
	Metric
	Description
	Goal

	Training Accuracy
	Number of correct classifications / total number of classifications, computed on the training dataset
	Maximise

	Training Loss
	Sum of prediction errors for each image example in the training dataset.
	Minimise

	Validation Accuracy
	Number of correct classifications / total number of classifications, computed on the testing dataset
	Maximise

	Validation Loss
	Sum of prediction errors for each image batch in the testing dataset.
	Minimise


[bookmark: _Toc102156062]Table 17: Summary of Model Performance Metrics
[bookmark: _Toc102156160]Training Hardware specification
Below is the technical specification of the desktop computer used to train both models:
	Training PC Technical Specification

	CPU Type Clock Speed
	AMD 5900X

	CPU Clock Speed
	4.8 GHz

	CPU Cores
	12 (physical)  24 (virtual)

	CPU Peak Performance
	908 GFLOPS

	GPU Type
	Nvidia 3080Ti 16GB

	GPU Clock Speed
	1665 MHz

	CUDA Cores
	10240

	CPU Peak Performance
	34.1 TFLOPS


[bookmark: _Toc102156063]Table 18: Training PC Technical Specification
[bookmark: _Toc102156161]Results and Discussion 
[bookmark: _Toc102156162]Siamese Network Training Results
[bookmark: _Hlk102089951]This chapter presents the results of the analysis conducted during the training of the Siamese Neural Network model described above. Firstly, the hyperparameters (mini-batch size, learning rate, gradient decay factor and squared gradient decay factor) are manually tuned in order to achieve a baseline model functionality. The hyperparameters are initialised using the default values listed within the ‘adamupdate’ function, these default values offer a starting point, but often require significant tuning to fit the model architecture and training dataset distribution. Training data logs are provided in Appendix 2.
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(No Reduction in Loss)

	[bookmark: _Hlk102040422]Hyperparameter
	Value

	[bookmark: _Hlk102038549]Learning Rate
	1e-3

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	1






[bookmark: _Toc102156020]Figure 38: Siamese Network Training Plot 1

Using the default hyperparameter values listed above, the model fails to reduce its training loss at all during the first training epoch (169 iterations). Training was stopped early to avoid wasting time training a divergent model. Graph plotting errors are ruled out by observing the training data logs, which show that the initial training loss and accuracy remained unchanged for the training period duration. There are many potential causes of such behaviour during training. However, the most likely cause in this case is that the learning rate is much too high. (Bengio, 2012), states that the learning rate is often the most critical hyperparameter in gradient-based training, and recommends that it is tuned before any other parameters.
In order to determine whether a high learning rate was the cause of the models poor training performance, the value was decreased by one order of magnitude (1e-4). The training loss / iterations plot is provided below: 
[image: Chart, histogram

Description automatically generated]
Gradient Explosion
(Instability)



	[bookmark: _Hlk102042354]Hyperparameter
	Value

	Learning Rate
	1e-4

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	1







[bookmark: _Toc102156021]Figure 39: Siamese Network Training Plot 2

The plot above shows that decreasing the learning rate by one order of magnitude (1e-4) significantly improved the models ability to optimise the loss value. By the final iteration (169), the training accuracy increased to 92.97% and the training loss decreased to 0.18.
However, it can be seen that the reduction in the loss rate is highly unstable, attributed to the frequent oscillations/spikes. Although a degree of instability is very common in gradient-based training, significant spikes (known as gradient explosions) can result in highly unstable/unpredictable models, which is a particularly unfavourable characteristic. 
There are many potential contributing factors here; learning rate may be too high, batch size may be to small, or there may be anomalies/biases in the training dataset. As the batch size (128 images) is considered neither high/low and the dataset was acquired and pre-processed in tightly controlled conditions, it is highly probable that the learning rate remains too high. In the plot below, the learning rate is again decreased by one order of magnitude (1e-5).
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	[bookmark: _Hlk102043449]Hyperparameter
	Value

	Learning Rate
	1e-5

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	1






[bookmark: _Toc102156022]Figure 40: Siamese Network Training Plot 3

The plot above shows improved learning stability at learning rate = 1e-5. Although the test accuracy has decreased to 89.06% and the loss has increased to 0.3 compared with the previous run. The number of iterations must be increased to reflect the decreasing learning rate.
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	[bookmark: _Hlk102045606]Hyperparameter
	Value

	Learning Rate
	1e-5

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	4






[bookmark: _Toc102156023]Figure 41: Siamese Network Training Plot 4

[bookmark: _Hlk102046022][bookmark: _Hlk102049523]The above plot uses the same hyperparameters as the preceding training iteration, except the number of epochs (iterations) is increased to 4 (675 iterations). The model performs well, achieving a training classification accuracy of 96.1% and a loss value of 0.11. Some instability remains, with a gradient explosion at around iteration 350, although the model quickly regains stability in the following iterations.
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	[bookmark: _Hlk102048116]Hyperparameter
	Value

	Learning Rate
	1e-6

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	4





[bookmark: _Toc102156024]Figure 42: Siamese Network Training Plot 5

Decreasing the learning rate by another order of magnitude (1e-6) improves the learning stability further still, but identifies an important trade-off. As the learning rate decreases, the learning stability increases, but the number of training iterations required increases significantly. Training over a large number of iterations can promote overfitting (where the model performs well on the training dataset, but poorly on the test sets). Overfitting occurs as a result of the model being repeatedly exposed to the same training images over and over again. Overtime, the model learns to assimilate the features contained within the training dataset too closely, resulting in poor performance when exposed to an image outside of the training set.
The plot below, where the training procedure is run over 20 epochs (3,376 iterations) better illustrates this trade-off. At learning rate = 1e-6 the model takes 2400 iterations to achieve the same training accuracy and loss as the previous model  (650 iter. / LR=1e-5). Interestingly however, the model resists overfitting even at 20 epochs, which shows great promise for training this model with a much smaller/limited dataset (discussed further below).
[image: Chart, histogram

Description automatically generated]



	[bookmark: _Hlk102083187]Hyperparameter
	Value

	Learning Rate
	1e-6

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	4





[bookmark: _Toc102156025]Figure 43: Siamese Network Training Plot 6

[bookmark: _Hlk102056811][bookmark: _Toc102156163]Siamese Network Hyperparameter Tuning
An acceptable baseline performance is achieved at LR=1e-5 where:
1. Training Classification Accuracy  = 96.1% 
2. Training Loss = 0.11
3. Validation Classification Accuracy = 95.31%
4. Validation Loss = 0.12
The model can now be uploaded into Experiment manager to fine tune the remaining hyperparameters. The proposed upper and lower limits for tuning each hyperparameter is presented below.
	Hyperparameter
	Proposed Tuning Limits

	Learning Rate
	0.5e-6 – 1.5e-5

	Mini-Batch Size
	32 – 512

	Gradient Decay Factor
	0.1 – 0.99

	Gradient Decay Factor2
	0.1 – 0.999


[bookmark: _Toc102156064]Table 19: Proposed Hyperparameter Tuning Limits
(If any of the parameters are not fully optimised within these limits, they will be adjusted accordingly).
Learning Rate Optimisation
The learning rate optimisation experiment identified that LR = 1.5e-5 is the optimal value for the model using an exhaustive sweep approach between 0.5e-6 and 1.5e-5. As the upper limit of the test range was identified as an optimal value, ideally the range should be increased to continue the experiment. However, as the test accuracy had already reached 100%, and LR had little effect on validation accuracy, restarting the experiment was considered to be unnecessary.
(LR = 1.5e-5)
(Results Table)
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[bookmark: _Toc102156026]Figure 44: SNN Learning Rate Optimisation Results

Batch-Size Optimisation
The results of the batch-size optimisation procedure are presented below. The results table identifies a clear correlation between decreasing batch size and increasing validation accuracy. 32 was identified as the optimal batch size with respect to validation accuracy. However, as shown in the loss plots, decreasing the batch size increases the instability during training.
(Batch Size = 512)
(Results Table)
(Batch Size = 32)
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[bookmark: _Toc102156027]Figure 45: Batch-Size Optimisation Results

[bookmark: _Hlk102079489]Gradient Decay Optimisation
[bookmark: _Hlk102082555]This hyperparameter refers to the decay rate of gradient moving average for the Adam solver and must be a scalar value >0 - <1. 0.75 was identified as the optimal gradient decay value based on an exhaustive sweep approach. There is a marked increase in validation accuracy at 0.75, but this increase is not sustained as GD increases. This behaviour reoccurred during every iteration of this study, but the reasoning behind it remains unknown.
(Gradient Decay = 0.75)
(Results Table)
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[bookmark: _Toc102156028]Figure 46: Gradient Decay Optimisation Results

4.1.1.3	Gradient Decay Squared Optimisation
[bookmark: _Hlk102096515]This hyperparameter refers to the decay rate of the squared gradient moving average for the Adam solver and must also be a scalar value >0 - <1. 0.999 (default value) was identified as the optimal gradient decay squared value using an exhaustive sweep test. All values follow a correlation, increase in GD2 = increase in validation accuracy, except for value 0.1, which does not fit this correlation. Determining the root cause of this behaviour is extremely complex due to the number of contributing factors and dependencies involved.(Results Table)
(Gradient Decay2 = 0.999)
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[bookmark: _Toc102156029]Figure 47: Gradient Decay Squared Optimisation Results

[bookmark: _Toc102156164]Final Siamese Model
Using the optimal hyperparameter configurations identified during the exhaustive sweep analysis, the Siamese network was retrained the final time. The training data log for this iteration can be found in appendix 2 (training log 7). The result of the final model training and validation procedures are presented below:
[image: ]


(Optimal Hyperparameters)

	[bookmark: _Hlk102086777]Hyperparameter
	Value

	Learning Rate
	1.5e-5

	Batch Size
	32

	Gradient Decay
	0.75

	Gradient Decay2
	0.999

	Epoch
	4




[bookmark: _Toc102156030]Figure 48: Siamese Network Final Training Plot

The training loss / iteration plot above shows consistent and sustained reduction in loss until the model finally converges at around 2700 iterations. It should be noted that although it appears that the iteration count has increased significantly, this is as a result of the decrease in image batch size (from 128 to 32). 
The final model, utilising the optimal hyperparameter configuration, achieves remarkable performance both during training and post-training validation:
	[bookmark: _Hlk102121844]Performance Metric
	Value Achieved

	Training Classification Accuracy (32 images)
	100%

	Validation Classification Accuracy (32 images)
	100%

	Training Loss
	0.015

	Validation Loss
	0.0074

	Post-Training Validation Accuracy (5400 images)
	99.48%


[bookmark: _Toc102156065]Table 20: Final Model Results Table
[bookmark: _Hlk102123641][image: ]A confusion matrix of the models classification performance is presented below, the matrix was generated using the models classification predictions on 2000 validation (unseen) images:



	[bookmark: _Hlk102131593]Legend

	Class 0
	Defective

	Class 1
	Non-Defective

	Output Class
	Model Prediction

	Target Class
	Ground Truth






[bookmark: _Toc102156031]Figure 49: Siamese Network Confusion Matrix

[bookmark: _Hlk102123903][image: A picture containing timeline

Description automatically generated]The plot shows that 998 defective images (99.5%) were correctly classified, which accounts for 49.4% of all observations. 1001 non-defective images (99.4%) were correctly classified, accounting for 50% of all observations. 5 defective and 6 non-defective images were misclassified, accounting for 0.2% and 0.3% of all data respectively. Overall, 99.5% of the predictions made by the model are correct and just 0.5% are wrong. A further visualisation of the models classification performance is provided below. Pairs of images are shown alongside the target (ground truth), the model prediction, and its probability score. When the score is close to one, the model is certain that the images are of the same class and vice versa.[bookmark: _Toc102156032]Figure 50: Visualisation of Model Classification Performance

[bookmark: _Toc102156165]CNN Network Training Results
[image: Chart, line chart

Description automatically generated]A CNN model with identical architecture (fig.34), loss function (binary cross-entropy), classification layer (sigmoid)  was created in order to compare its performance with that of the Siamese network described above. The same procedure discussed in Ch.4.1 is used here.  Firstly, the hyper parameters (mini-batch size, learning rate, gradient decay factor and squared gradient decay factor) are manually tuned in order to achieve a baseline model functionality. The hyperparameters are initialised using the default values listed within the ‘trainingOptions’ function. The first CNN training plots are provided below (training logs in appendix 3):

	Hyperparameter
	Value

	Learning Rate
	1.e-3

	Batch Size
	128

	Gradient Decay
	0.90

	Gradient Decay2
	0.999

	Epoch
	4
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Description automatically generated with medium confidence][bookmark: _Toc102156033]Figure 51: CNN Training Loss plots
[bookmark: _Toc102156034]Figure 52: CNN Training Accuracy Plot

The CNN model shows extremely strong performance during the first training iteration using the default hyperparameter values. The model achieves a validation accuracy of 99.61% and validation loss is reduced to 0.014 by the 4th epoch (672 iterations). As the model performs well on the default values, there is no need to manually tune the hyperparameters. The model can be immediately uploaded to Experiment Manager App for hyper parameter fine-tuning.
4.1.1	CNN Network Hyperparameter Tuning
Learning Rate Optimisation
As the model was already performing well before hyperparameter tuning, it can be assumed that the learning rate is already close to its optimal value, for this reason, a small range (0.0005:0.0001: 0.0015) is specified for the exhaustive sweep procedure. Fine tuning of the LR value found that 0.0008 is the optimal value, achieving training accuracy of 100%, validation accuracy of 99.91% and validation loss of 0.005. (Results Table)
(LR = 0.0008)
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[bookmark: _Toc102156035]Figure 53: CNN Learning Rate Optimisation Results

Batch-Size Optimisation
For the batch-size optimisation procedure, the same values are used as in the Siamese network model. Using the exhaustive sweep function, 32 is identified as the optimal batch-size, achieving a training accuracy of 100%, validation accuracy of 99.96% and validation loss of 0.0027. The test for batch-size = 512 failed to converge and thus resulted in an error.
(Results Table)
(Batch-Size = 32)
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[bookmark: _Toc102156036]Figure 54: CNN Batch Size Optimisation Results

Gradient Decay Factor Optimisation
0.7 was identified as the optimal gradient decay value based on an exhaustive sweep approach. However, as the accuracy and loss values at 0.6 and 0.8 are unstable, it is chosen to use 0.99 as the optimal value. Similar to the optimisation process for the Siamese model, the gradient decay procedure was fairly erratic, with no readily identifiable correlations.
(Gradient Decay = 0.99)
(Results Table)
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[bookmark: _Toc102156037]Figure 55: CNN Gradient Decay Optimisation results

[bookmark: _Hlk102096603]Gradient Decay Factor Squared Optimisation
0.999 was found to be the optimal gradient decay squared value using an exhaustive sweep test. All other gradient decay squared values caused the model to become divergent and ultimately fail. Again, determining the root cause of this behaviour is extremely complex due to the number of contributing factors and dependencies involved.
(Gradient Decay = 0.999)
(Results Table)
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[bookmark: _Toc102156038]Figure 56: CNN Gradient Decay Squared Optimisation Results

[bookmark: _Toc102156166]Final CNN Model
[image: ][image: Graphical user interface, application, Word

Description automatically generated]Similar to the procedure discussed in Ch.4.1.2, the CNN model was trained for the final time using the optimal hyperparameter configuration identified in the exhaustive sweep procedures discussed above. Training logs for this training procedure can be found in Appendix 3 (Training log 3) The results of the model training and validation are presented below:[bookmark: _Toc102156039]Figure 57: Final CNN Model Training Error Plot
[bookmark: _Toc102156040]Figure 58: Final CNN Model Training accuracy plot

The CNN model developed shows strong performance with no indication of overfitting. On both plots above, the coloured lines (blue & orange) represent the training accuracy and loss, whilst the black dotted lines represent the validation accuracy and loss. It is clear to see when a model is overfitting, as the black dotted lines would diverge away from the coloured lines as training progresses. It is safe to assume that the training dataset is sufficiently large and varied enough to prevent overfitting. A less common issue is underfitting, this occurs when a model is unable to learn from the training data nor generalize to new data. Underfitting can occur when the model is too simple for the dataset (too few learnable parameters/layers), when there is very little intra-class variation in the training dataset or if the model is over regularised. A tell-tale sign of underfitting is when the validation accuracy is higher than the training accuracy, or when the validation loss is lower than the training loss. Fortunately, the plots above show that the final model developed is neither in a state of over or underfitting.
The final model achieves strong performance metrics, these are tabulated and summarised below:
	Performance Metric
	Value Achieved

	Training Classification Accuracy (32 images)
	100%

	Validation Classification Accuracy (32 images)
	99.89%

	Training Loss
	2.39e-5

	Validation Loss
	0.0028

	Post-Training Validation Accuracy (5400 images)
	99.9%


[bookmark: _Toc102156066]Table 21: Final CNN Model Performance Metrics
A confusion matrix is presented below in order to gain insight to the distribution of the models classification performance:
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[bookmark: _Toc102156041]Figure 59: Confusion Matrix of Final CNN Classification Performance

The confusion matrix, produced using 5400 validation set (unseen) images,  shows that 2694 images (99.8%) were correctly classified as defective, which accounts for 49.9% of total observations in the dataset. 2700 non-defective images (100%) were correctly classified, accounting for 50% of the total observations. Just six defective images were misclassified, accounting for 0.2% of all data. Overall, 99.9% of all predictions made by the CNN  model are correct and just 0.1% are wrong. The Convolutional Neural Network model outperforms the Siamese Neural Network by just 0.4% 
[bookmark: _Toc102156167]Dataset Size Sensitivity
[bookmark: _Hlk102127307][image: Chart

Description automatically generated]A trial procedure was developed to determine how well each model performed with an extremely limited dataset. The procedure involved retraining each of the optimal models with only 100 images per class, and then testing them on a much larger (1000 image) validation set. The results for the Siamese network architecture are provided below:










[bookmark: _Toc102156042]Figure 60: SNN Limited Dataset Training plot
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[bookmark: _Toc102156043]Figure 61: SNN Limited Dataset confusion Matrix

The SNN performs well on the limited dataset, achieving 97.2% validation Accuracy. The model mislabels 10 (1.0%) defective and 18 (1.8%) non-defective observations.
[image: Chart

Description automatically generated]The results for the convolutional network architecture are provided below:[bookmark: _Toc102156044]Figure 62: CNN Limited Training Dataset Plot

In the plot above, it is clear to see that the CNN model is susceptible to overfitting on the limited dataset, note how the black dotted line (evaluation loss) immediately diverges away from the blue line (training loss). This divergence means the model will not generalise well on images outside of the training set.
[image: ]









[bookmark: _Toc102156045]Figure 63: CNN Limited Dataset Confusion Matrix

As a result of this overfitting, the models evaluation accuracy is reduced to 73%. The model misclassifies 38 (3.8%) of non-defective observations as defective, and more worrying still, 232 (23.2%) defective components as non-defective. A tendency towards mislabelling defective components as non-defective raises cause for concern in a production environment, as it could ultimately lead to defective goods being shipped to the consumer.
[bookmark: _Toc102156168]Conclusion
The fundamental aim of this study was to determine the feasibility of developing a deep learning model for automated inspection of robotic glue deposition processes. This paper proves that there is scope for the development, and eventually deployment, of such a system. Initial reading into contemporary topics in the field of practical AI research identified a series of research questions;
1. What are the current state-of-the-art models for industrial defect / anomaly detection?
2. what ML/DL approaches can be deployed in applications with limited data availability?
3. How are advancements in edge computation capabilities making AI more accessible?
4. Does demystification play a role in promoting AI adoption? 
An attempt to answer these questions was made by means of an extensive survey of literature. In the field of computer vision research, the application of convolutional neural networks has dominated many publications for some time now, with authors citing their ability to solve problems that were once considered unsolvable just a few years earlier. CNNs are revolutionising CV workflows, the knowledge and expertise once required to develop custom algorithms for feature extraction has now largely been replaced by knowledge and expertise required in training deep learning architectures.
However, data scarcity, particularly in industrial and medical applications, has somewhat hindered the adoption of CNNs outside of academic and theoretical studies. This has driven the development of new approaches, such as one-shot learning and Siamese Neural Networks, that aim to challenge data paucity as a barrier to entry. Unfortunately, data availability is not the only challenge to overcome. Cost is often seen as a barrier, particularly among SMEs, who typically don’t have the financial resources to absorb the risk associated with adopting new manufacturing technologies. Low-cost yet effective edge devices show great promise in making these AI more accessible and deployable, but much work remains in improving algorithm explainability in order to truly promote adoption amongst industrial practitioners.
Interestingly, the literature survey identified that whilst there is a growing number of publications surrounding the use of Siamese Neural Network architectures in defect detection tasks, few studies apply these models to true industrial problems. For instance, many of the papers surveyed use well-established, open-source datasets. Whilst these datasets may be considered optimal for training, they do not accurately capture the real-world constraints often faced in true industrial applications, which raises questions about their fitness for purpose. 
To address this apparent gap, a comparative study between standard Convolutional Neural Networks and Siamese Neural Networks for defect detection was proposed. Purpose-built image acquisition apparatus was used to collect 27,000 images of glue beads in order to generate a substantial training and validation dataset. MATLAB was chosen as an algorithm development and testing environment, the Experiment Manager app proved invaluable during hyperparameter optimisation.
Analysis of each model during training and post-training evaluation showed comparable performance between the approaches when trained using a large dataset, the Siamese network achieved a final classification accuracy of 99.48% compared with 99.9% for the CNN. However, artificially limiting the dataset, albeit in an extreme manner, created a disparity between the models performance. When trained with just 100 images per class, the SNN achieved 97.2% classification accuracy, compared with 73% for the CNN. It could certainly be argued that even as few as 100 images may be unobtainable in some challenging applications, as such, further analysis of the models performance below 100 images per class is required.
[bookmark: _Toc102156169]Recommendations for Further Work
This paper focusses on the theoretical underpinnings of the defect detection algorithms, much work remains in in order to develop the proposed system into a deployable solution for use in a production environment. Recommendations for further work are summarised below:
1. Evaluate and optimise the algorithms for deployment on the Nvidia Jetson Nano.
2. Determine the algorithms real-time characteristics / inference time.
3. Determine how the proposed defect detection routine impacts the existing state process timings within the cobot cell using discrete event simulation.
4. Work with operators at Hi-Mark to plan  the vision system integration with cobot cell
5. Ruggedise the image acquisition hardware to withstand conditions within the production environment.
6. Evaluate each models performance on a wider range of dataset sizes to obtain a better understanding of sensitivity.
7. Perform k-fold cross validation on developed models.
8. Evaluate system performance under real-world conditions (rather than lab conditions).
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%% Extract Frames from Video Files %%
obj = VideoReader('V13.mp4'); % import video file
video = read(obj);

Num_Frames = obj.NumFrames;% read number of frames in
X ='.jpg"';% Define image file format

% Reading & writing frames

for i = 1 : Num_Frames
Y = num2str(i);
Strc = strcat(Y, X); % Concatenate two strings
Vvid = video(:, :, :, i);
cd Extracted Images % Define export location
imwrite(Vid, Strc); % Export Images
cd ..

end

.mp4 video
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%% Image Pre-processing Function
function results = Image_Preprocessing(im)

% Crop Image

TargetSize = [1040 1520];

X = centerCropWindow2d(size(im),TargetSize);
im = imcrop(im,X);

%Resize Image
im = imresize(im,[105 105]);

% Convert to Greyscale
im = im2gray(Y=im);

%Rotate each image by 180 degrees
imrot = imrotate(im,180);

% Output Results
results.imgray_105 = im;
results.im_rot = imrot;
end
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%% Generate Image Datastores (Train & Test) %%

% Define image file Test/Train location
ImgDataFolder = ('C:\Users\jrjen\Documents\MATLAB\Glue Bead Images 105');

% Create an imageDatastore
imds = imageDatastore(ImgDataFolder, IncludeSubfolders=true,
LabelSource="none");

% Define labels using image name strings
files = imds.Files;

parts = split(files,filesep);

labels = parts(:,(end-1));

imds.Labels = categorical(labels);

% Randomly shuffle image Datastore
imds = shuffle(imds);

% Split datastore into Train (80%) & Test (20%) and shuffle
[imdsTrain,imdsTest] = splitEachLabel(imds,®.8);

imdsTrain = shuffle(imdsTrain);

imdsTest = shuffle(imdsTest);
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%% Test image datastore by generating defective & non-defective images %%

idx
for

end

= randperm(numel(imdsTrain.Files),8);
i = 1:numel(idx)

subplot(4,2,1)
imshow(readimage (imdsTrain,idx(i)))
title(imdsTrain.Labels(idx(i)),Interpreter="none");
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%% Test image datastore by generating Similar & Dissimilar image pairs %%
f = figure;
batchSize = 8;
[pairImagel,pairImage2,pairLabel] = getSiameseBatch(imdsTrain,batchSize);
for i = 1:batchSize
if pairLabel(i) == 1
s = "similar";
else
s = "dissimilar";
end
subplot(4,2,1i);
imshow([uint8(pairImagel(:,:,:,1)) uint8(pairImage2(:,:,:,1))]);
title(s)
title(s)
end
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%% Define 13-Layer CNN network Aarchitecture %%
layers = [

imageInputLayer([105 105 1],Normalization="none"
convolution2dLayer(10,64,WeightsInitializer="narrow-normal”,BiasInitializer="narrow-normal™)
reluLayer

maxPooling2dLayer(2,Stride=2)
convolution2dLayer(7,128,WeightsInitializer="narrow-normal”,BiasInitializer="narrow-normal™)
reluLayer

maxPooling2dLayer(2,Stride=2)
convolution2dLayer(4,128,WeightsInitializer="narrow-normal”,BiasInitializer="narrow-normal™)
reluLayer

maxPooling2dLayer(2,Stride=2)
convolution2dLayer(5,256,WeightsInitializer="narrow-normal”,BiasInitializer="narrow-normal™)
reluLayer

fullyConnectedLayer (4096,WeightsInitializer="narrow-normal”,BiasInitializer="narrow-normal™)];

% Create layer Graph of CNN architecture
lgraph = layerGraph(layers);
plot(lgraph)

% Use Layer Graph to create a DL network object for

net

= dlnetwork(lgraph);
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%% Initialise model before training %%

% Offload training to graphics card
executionEnvironment = “gpu”;

% Define Weights for fully connected layer and initialize with
% standard deviation of ©.01 (Nomral Distribution)

Weights = dlarray(@.01*randn(1,4096));
Bias = dlarray(@.01*randn(1,1));

FCParams = struct("FcWeights"”,Weights,"FcBias"”,Bias);

% Define Training Options (Hyperparameters) for ‘updateadam' training function

Iterations = 10000;
miniBatchSize = 128;
learningRate = ©.000005;
gradDecay = 0.90;
gradDecaySq = ©.999;

% Initialize ADAM solver parameters
trailingAvgSubnet = [];
trailingAvgSqSubnet = [];
trailingAvgParams = [];
trailingAvgSqParams = [];

% initialise training progress plot
figure

C = colororder;

TrainLossLine = animatedline(Color=C(2,:

ylim([@ inf])
xlabel("Iteration")
ylabel("Loss")

grid on

)5
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% Records training start time (stopwatch)
start = tic;

% Define for loop to run trainig iterations

for

end

iteration = 1:Iterations

% Extract image pairs and pair labels from image datastore
[X1,X2,pairLabels] = getSiameseBatch(imdsTrain,miniBatchSize);

% Convert image data to dlarray (spatial, spatial, channel, batch)
X1 = dlarray(X1,"SSCB");
X2 = dlarray(X2,"SSCB");

% convert data to gpu Array.
X1 = gpuArray(X1);
X2 = gpuArray(X2);

% Evaluate the model loss and gradients (using functions dlfeval and Loss)
[loss,gradientsSubnet,gradientsParams] = dlfeval(@modelloss,...
net,FCParams,X1,X2,pairlLabels);

% Update the Siamese subnetwork parameters (using updateadam function).
[net,trailingAvgSubnet,trailingAvgSqSubnet] = adamupdate(net,gradientsSubnet,
trailingAvgSubnet,trailingAvgSqSubnet,iteration,...
learningRate, gradDecay, gradDecaySq) ;

% Update the fully-connected layer parameters.

[FCParams,trailingAvgParams,trailingAvgSqParams] = adamupdate(FCParams,. ..
gradientsParams, trailingAvgParams,trailingAvgSqParams,iteration,...
learningRate, gradDecay, gradDecaySq) ;

% Update the training loss line plot.

D = duration(@,0,toc(start),Format="hh:mm:ss");
lossValue = double(loss);
addpoints(TrainLossLine,iteration,lossValue);
title("Elapsed Time: " + string(D))

drawnow
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% perform model validation every 50 Iterations
if iteration == 1 || mod(iteration,validationFrequency) ==

end

predict_Train = predictSiamese(net,FCParams,X1,X2);
predict_Train = gather(extractdata(predict_Train));
predict_Train = round(predict_Train);

% Calculate minibatch 'training set' accuracy & loss

miniBatch_accuracy = (sum(predict_Train == pairlLabels)/miniBatchSize)*100;
[miniBatch_loss] = dlfeval(@modellLoss,net,FCParams,X1,X2,pairlLabels);
miniBatch_loss = double(miniBatch_loss);

% Extract mini-batch of image pairs and pair labels
[X1_val,X2_val,pairLabelsAcc] = getSiameseBatch(imdsTest,accuracyBatchSize);

% Convert mini-batch of data to dlarray. Specify the dimension labels
% "SSCB" (spatial, spatial, channel, batch) for image data.

X1_val = dlarray(X1_val,"SSCB");

X2_val = dlarray(X2_val,"SSCB");

% Evaluate predictions using trained network

predict_Validation = predictSiamese(net,FCParams,X1_val,X2_val);
predict_Validation = gather(extractdata(predict_Validation));
predict_Validation = round(predict_Validation);

% Calculate validation ‘testing set' accuracy & loss

Validation_accuracy = (sum(predict_Validation == pairlLabelsAcc)/accuracyBatchSize)*100;
[Validation_loss] = dlfeval(@modelloss,net,FCParams,X1_val,X2_val,pairLabelsAcc);
Validation_loss = double(Validation_loss);
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&00 | 00:03:29 | 73.4375 | 70.3125 | 0.58502 | 0.60333 | 1e-06
es0 | 00:03:46 | 76.5625 | 742188 | 0.5432¢ | 0.598%6 | 1e-06





image95.png
Iteration | Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning

| (mhimmiss) | Accuracy | Accuracy | Loss 1 Loss 1 Rate

1 00:00:02 | s7.5125 | 26.275 | 0.e9256 | 0.69326 | 1e-06

50 1 00:00:19 | 47,6562 | s8.5938 | 0.e9165 | 0.6%08¢ | 1e-06
100 | 00:00:37 | s7.8125 | s5.4623 | o.ezs32 | 0.6%018 | 1e-06
150 | 00:00:55 | es.625 | es.625 | 0.62023 | 0.€7676 | 1e-06
200 | 00:01:13 | ee.5433 | s7.8125 | 0.e6791 | 0.67202 | 1e-06
250 | 00:01:31 | e1.7188 | es.2812 | 0.66078 | 0.€7385 | 1e-06
300 | 00:01:48 | 70.3125 | ee.5433 | 0.64826 | 0.66743 | 1e-06
350 | 00:02:06 | e2.5 | ee.5233 | 0.e5878 | o.ess52 | 1e-06
500 | 00:02:24 | s8.5938 | &7.1875 | o0.6626 | 0.62997 | 1e-06
450 | 00:02:41 | e6.4062 | 59.375 | 0.6225 | 0.65693 | 1e-06
500 | 00:02:58 | €7.1875 | es.625 | 0.e3766 | 0.64253 | 1e-06
550 | 00:03:17 | 72.6562 | 71.875 | 0.59137 | 0.6083 | 1e-06
&00 | 00:03:35 | €7.1875 | 742188 | 0.61846 | 0.58113 | 1e-06
es0 | 00:03:53 | 72.6562 | 78.125 | 0.57811 | 0.56843 | 1e-06
700 | 00:04:10 | 79.6875 | 72,6562 | 0.51076 | 0.56619 | 1e-06
750 | 000828 | 575 1 s2.5125 | 0.43631 | 0.45913 | 1e-06
800 | 000446 | s0.4653 | 575 1 0.49779 | 0.42167 | 1e-06
850 | 00:05:0¢ | 535938 | 78.125 | 0.427%6 | 0.42671 | 1e-06
200 | 00:0s:21 | 535933 | 85.9375 | 0.40702 | 0.37697 | 1e-06
es0 | 00:05:39 | 575 1 s5.1562 | 0.39542 | 0.3952¢ | 1e-06
1000 | 00:05:56 | 54.375 | ss.2812 | 0.4141 | 0.34586 | 1e-06
1080 | 00:06:13 | s2.0312 | 85.9375 | 0.3951 | 0.32046 | 1e-06
1100 | 00:06:31 | 59.5433 | s2.1875 | 0.31082 | 0.28206 | 1e-06
1150 | 00:06:48 | s9.5433 | 55.9375 | 0.27062 | 0.37308 | 1e-06
1200 | 00:07:06 | 55.9375 | s5.1562 | 0.32249 | 0.33946 | 1e-06
1250 | 00:07:23 | s0.625 | 575 1 0.25998 | 0.29843 | 1e-06
1300 | 00:07:40 | ss.2812 | 23.75 | 0.28447 | 0.22047 | 1e-06
1350 | 00:07:58 | s2.1875 | s6.7188 | 0.23589 | 0.29312 | 1e-06
1400 | 000816 | 26.0938 | 245312 | 0.16102 | 0.24771 | 1e-06
1250 | 00:08:3¢ | s2.1875 | 54.375 | 0.21163 | 0.31361 | 1e-06
1500 | 00:08:52 | 59.0625 | s1.4062 | 0.24502 | 0.20165 | 1e-06
1550 | 00:08:10 | 253125 | 953125 | 0.19196 | 0.18203 | 1e-06
1600 | 00:08:28 | 23.75 | s2.1875 | 0.18535 | 0.2102 | 1e-06
1650 | 00:09:45 | 59.0625 | 98.4375 | 0.23712 | 0.1107¢ | 1e-06
1700 | 00:10:03 | s1.4062 | 245312 | 0.2032¢ | 0.17621 | 1e-06
1750 | 00:10:21 | s2.1875 | 23.75 | 0.12808 | 0.2237 | 1e-06
1800 | 00:10:38 | s2.9658 | s0.625 | 0.19526 | 0.24236 | 1e-06
1850 | 00:10:56 | s2.9658 | s0.625 | 0.1801 | 0.2027 | 1e-06
1500 | 00:11:14 | 245312 | 253125 | 0.14391 | 0.16767 | 1e-06
1950 | 00:11:32 | 96275 | s2.9658 | 0.12¢6 | 0.17285 | 1e-06
2000 | 00:11:50 | 253125 | 245312 | 0.151 | 0.15875 | 1e-06
2050 | 00:12:08 | 953125 | 953125 | 0.1369 | 0.17072 | 1e-06
2100 | 00:12:25 | 98.4375 | 953125 | 0.11579 | 0.1588 | 1e-06
2150 | 00:12:43 | s1.4062 | 97.6562 | 0.17335 | 0.13841 | 1e-06
2200 | 00:13:00 | 97.6562 | 245312 | 0.1175¢ | 0.1656 | 1e-06
2250 | 00:13:18 | s1.4062 | 245312 | 0.20617 | 0.15345 | 1e-06
2300 | 00:13:3¢ | 245312 | s2.1875 | 0.13515 | 0.1918 | 1e-06
2350 | 00:13:54 | 59.0625 | 26.0938 | 0.2¢811 | 0.14247 | 1e-06
2400 | 00:14:12 | 96.275 | s0.625 | 0.13676 | 0.218 | 1e-06
2450 | 00:14:30 | 26.0933 | 245312 | 0.12236 | 0.12826 | 1e-06
2500 | 001448 | s2.1875 | 953125 | 0.1682 | 0.1425¢ | 1e-06
2550 | 00:15:06 | 245312 | 96.575 | 0.16285 | 0.12778 | 1e-06
2600 | 00:15:24 | 23.75 | 245312 | 0.18161 | 0.1371 | 1e-06
2650 | 00:15:41 | 96.575 | 953125 | 0.11378 | 0.163¢ | 1e-06
2700 | 00:15:59 | s2.9658 | s0.625 | 0.19142 | 0.20243 | 1e-06
2750 | 00:16:16 | 98.4375 | 253125 | 0.096609 | 0.11132 | 1e-06
2800 | 00:16:3¢ | 97.6562 | 26.0938 | 0.12826 | 0.1132¢ | 1e-06
2850 | 00:16:51 | 26.0933 | 253125 | 0.17¢6 | 0.1389 | 1e-06
2900 | 00:17:08 | 97.6562 | 97.6562 | 0.079361 | 0.071535 | le-06
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Iteration | Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning
| (mhimmiss) | Accuracy | Accuracy | Loss 1 Loss 1 Rate

11 00:00:03 | 75 1 s0.7812 | o.ez322 | 0.69189 | 1.52-05

50 1 00:00:11 | 71.875 | s8.5933 | 0.60885 | 0.68709 | 1.52-05
100 | 00:00:18 | s0.625 | 71.0838 | 0.42043 | 0.5264e | 1.52-05
150 | 00:00:25 | s1.25 | s0.625 | 0.42071 | 0.31416 | 1.52-05
200 | 00:00:33 | 23.75 | 551562 | 0.1%6%6 | 0.3576 | 1.52-05
250 | 00:00:40 | 100 | 23.75 | 0.1233 | 0.22623 | 1.52-05
300 | 00:00:47 | 23.75 | 23.75 | 0.17885 | 0.20085 | 1.52-05
350 | 00:00:54 | s0.625 | 253125 | 0.34267 | 0.1687 | 1.52-05
500 | 00:01:02 | 23.75 | 245312 | 0.10835 | 0.17276 | 1.52-05
450 | 00:01:08 | 96.575 | 26.0933 | 0.24551 | 0.13972 | 1.52-05
500 | 00:01:16 | 96.575 | 96.275 | 0.15112 | 0.020375 | 1.52-05
550 | 00:01:24 | 96.575 | 96.575 | 0.0%007 | 0.10844 | 1.52-05
&00 | 00:01:31 | 100 | 96.575 | 0.085055 | 0.1221 | 1.52-05
es0 | 00:01:38 | 96.575 | 59.0625 | 0.081967 | 0.3106 | 1.52-05
700 | 00:01:45 | 100 | 253125 | 0.050114 | 0.17488 | 1.52-05
750 | 00:01:53 | 23.75 | 245312 | 0.19127 | 0.12156 | 1.52-05
800 | 00:02:00 | 96.575 | 953125 | 0.10711 | 0.12082 | 1.52-05
850 | 00:02:07 | 54375 | 96.575 | 0.31156 | 0.1179 | 1.52-05
200 | 00:02:15 | 575 1 245312 | 0.2081 | 0.13769 | 1.52-05
es0 | 00:02:22 | 54.375 | 551562 | 0.28955 | 0.32959 | 1.52-05
1000 | 00:02:29 | 23.75 | 25.3125 | 0.10602 | 0.13172 | 1.52-05
1080 | 00:02:37 | 23.75 | 96.575 | 0.10887 | 0.11176 | 1.52-05
1100 | 00:02:44 | 100 | 99.2188 | 0.058215 | 0.059393 | 1.52-05
1150 | 00:02:51 | 100 | 97.6562 | 0.021225 | 0.084417 | 1.52-05
1200 | 00: 1 100 | 98.4375 | 0.0593¢ | 0.051511 | 1.52-05
1250 | 00: 1 100 | 96.275 | 0.033921 | 0.078918 | 1.52-05
1300 | 00: 1 96.575 | 26.0933 | 0.10052 | 0.0%0776 | 1.52-05
1350 | 00 1 100 | 98.4375 | 0.061858 | 0.049742 | 1.52-05
1400 | 00: 1 100 | 97.6562 | 0.089853 | 0.058198 | 1.52-05
1250 | 00: 1 96.575 | 98.4375 | 0.056577 | 0.056861 | 1.52-05
1500 | 00: 1 100 | 97.6562 | 0.033014 | 0.051088 | 1.52-05
1550 | 00: 1 96.575 | 98.4375 | 0.052673 | 0.068255 | 1.52-05
1600 | 00 1 100 | 99.2188 | 0.028928 | 0.051347 | 1.52-05
1650 | 00: 1 100 | 99.2188 | 0.02501¢ | 0.053098 | 1.52-05
1700 | 00: 1 100 | 99.2188 | 0.02475 | 0.041682 | 1.52-05
1750 | 00: 1 100 | 99.2188 | 0.020024 | 0.032677 | 1.52-05
1800 | 00: 1 s0.625 | 99.2188 | 0.20318 | 0.037164 | 1.52-05
1850 | 00 1 100 | 98.4375 | 0.047115 | 0.076299 | 1.52-05
1500 | 00: 1 100 | 953125 | 0.015515 | 0.15233 | 1.52-05
1950 | 00: 1 100 | 97.6562 | 0.016435 | 0.054394 | 1.52-05
2000 | 00: 1 96.575 | 99.2188 | 0.05853 | 0.03190¢ | 1.52-05
2050 | 00: 1 23.75 | 96.575 | 0.020892 | 0.11581 | 1.52-05
2100 | 00 1 96.575 | 98.4375 | 0.0580¢ | 0.036147 | 1.52-05
2150 | 00: 1 100 | 98.4375 | 0.048891 | 0.056177 | 1.52-05
2200 | 00: 1 100 | 98.4375 | 0.033161 | 0.061919 | 1.52-05
2250 | 00: 1 100 | 98.4375 | 0.026209 | 0.082112 | 1.52-05
2300 | 00: 1 100 | 99.2188 | 0.024545 | 0.025174 | 1.52-05
2350 | 00 1 100 | 98.4375 | 0.015785 | 0.032763 | 1.52-05
2400 | 00: 1 100 | 98.4375 | 0.036795 | 0.057128 | 1.52-05
2450 | 00: 1 100 | 26.0938 | 0.036858 | 0.091947 | 1.52-05
2500 | 00: 1 100 | 100 | 0.01888¢ | 0.03642¢ | 1.52-05
2550 | 00: 1 100 | 100 | 0.011388 | 0.020181 | 1.52-05
2600 | 00 1 100 | 98.4375 | 0.01887¢ | 0.037702 | 1.52-05
2650 | 00: 1 96.575 | 100 | 0.070727 | 0.025202 | 1.52-05
2700 | 00: 1 100 | 100 | 0.015372 | 0.007388 | 1.52-05
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Epoch | Iteration | Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning
1 | (mhimmiss) | Accuracy | Accuracy | Loss 1 Loss 1 Rate
1 1 00:00: 48,402 | 50.00% | 0.7126 | 21,1873 | 0.0010
1 50 1 00:00: s1.25% | 78.09% | 0.4714 | 0.4769 | 0.0010
1 100 | 00:00: 73.48% | s1.11% | 0.6091 | 0.4284 | 0.0010
1 150 | 00:00: s1.41% | ss.59% | 0.2363 | 0.2980 | 0.0010
21 200 | 00:00: 78.128 | 75.41% | 0.5012 | 0.5209 | 0.0010
21 250 | 00:00: s2.10% | se.59% | 0.1770 | 0.1423 | 0.0010
21 300 | 00:00: 85.31% | 96.33% | 0.1132 | 0.1021 | 0.0010
3 350 | 00:00: o6.58% | 97.30% | 0.0540 | 0.0669 | 0.0010
3 500 | 00:00: 89.228 | s8.15% | 0.0485 | 0.0853 | 0.0010
3 450 | 00:00: 100.00% | s5.52% | 0.0214 | 0.0343 | 0.0010
3 500 | 00:00: o6.58% | 96.57% | 0.0377 | 0.0808 | 0.0010
e 550 | 00:00: o6.58% | s8.76% | 0.085¢ | 0.0322 | 0.0010
e &00 | 00:00: 89.228 | ss.61% | 0.0097 | 0.0322 | 0.0010
e es0 | 00:00: 89.228 | 99,548 | 0.0215 | 0.0164 | 0.0010
e &2 | 00:00: o7.66% | s9.61% | 0.0705 | 0.0142 | 0.0010
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Epoch | Iteration | Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning
1 | (mhimmiss) | Accuracy | Accuracy | Loss 1 Loss 1 Rate
1 1 2 | 3e.38% | 50.00% | 0.7858 | 0.998¢ | 1.00002-04
1 50 1 50 71888 | 79.53% | 0.5637 | 0.4513 | 1.00002-04
1 100 | 61 s0.62% | s6.22% | 0.3723 | 0.3%02 | 1.00002-04
1 150 | 00:00:08 | s1.25% | 94413 | 0.3850 | 0.1763 | 1.00002-04
1 200 | 0 s6.58% | 50.48% | 0.1644 | 0.2383 | 1.00002-04
1 250 | 100112 | 93.75% | 95.17% | 0.1027 | 0.1272 | 1.00002-04
1 300 | 00:00:14 | 100.00% | 96.76% | 0.0475 | 0.0767 | 1.00002-04
1 350 | 00:00:16 | s6.58% | 96.37% | 0.1667 | 0.09%6 | 1.00002-04
1 500 | 00:00:18 | 100.00% | 96.54% | 0.0433 | 0.1088 | 1.00002-04
1 450 | 00:00:20 | s6.58% | 97.70% | 0.0923 | 0.0574 | 1.00002-04
1 500 | 00:00:22 | 100.00% | s8.11% | 0.0608 | 0.0540 | 1.00002-04
1 550 | 00:00:23 | 100.00% | s5.52% | 0.0858 | 0.0e21 | 1.00002-04
1 &00 | 00:00:25 | s6.58% | 97.02% | 0.0881 | 0.0844 | 1.00002-04
1 es0 | 00:00:28 | s6.58% | s5.46% | 0.0899 | 0.0449 | 1.00002-04
21 700 | 00:00:28 | s6.58% | s5.26% | 0.1888 | 0.0436 | 1.00002-04
21 750 | 00:00:31 | 93.75% | 97.07% | 0.2312 | 0.0785 | 1.00002-04
21 800 | 00:00:33 | 100.00% | 97.13% | 0.0025 | 0.0205 | 1.00002-04
21 850 | 00:00:35 | s6.58% | 99.26% | 0.0306 | 0.0262 | 1.00002-04
21 200 | 00:00:37 | 100.00% | 97.13% | 0.0012 | 0.0747 | 1.00002-04
21 es0 | 00:00:39 | 100.00% | 97.91% | 0.0230 | 0.057¢ | 1.00002-04
21 1000 | 00:00:41 | 100.00% | 99.48% | 0.0057 | 0.019¢ | 1.00002-04
21 1080 | 00:00:43 | 100.00% | 99.11% | 0.0008 | 0.0223 | 1.00002-04
21 1100 | 00:00:45 | s6.58% | 97.07% | 0.0699 | 0.0856 | 1.00002-04
21 1150 | 00:00:47 | s6.58% | 99.26% | 0.0340 | 0.0201 | 1.00002-04
21 1200 | 00:00:48 | 100.00% | s9.28% | 0.0010 | 0.0201 | 1.00002-04
21 1250 | 00:00:51 | s6.58% | 55,54 | 0.0426 | 0.0342 | 1.00002-04
21 1300 | 00:00:53 | 100.00% | 99.43% | 0.0464 | 0.0228 | 1.00002-04
21 1350 | 00:00:54 | 100.00% | 99.76% | 0.0033 | 0.0131 | 1.00002-04
3 1400 | 00:00:5¢ | 100.00% | s9.55% | 0.0118 | 0.0085 | 1.00002-04
3 1250 | 00:00:58 | 100.00% | 99.78% | 0.0088 | 0.0070 | 1.00002-04
3 1500 | 00:01:00 | s6.58% | 99.48% | 0.1382 | 0.0185 | 1.00002-04
3 1550 | 00:01:02 | 100.00% | 55,748 | 0.006¢ | 0.0314 | 1.00002-04
3 1600 | 00:01:04 | 100.00% | 99.50% | 0.0100 | 0.0085 | 1.00002-04
3 1650 | 00:01:06 | 100.00% | ss.10% | 0.0070 | 0.0523 | 1.00002-04
3 1700 | 00:01:08 | 100.00% | 99.70% | 0.0025 | 0.0086 | 1.00002-04
3 1750 | 00:01:10 | 100.00% | s9.61% | 0.0097 | 0.0188 | 1.00002-04
3 1800 | 00:01:12 | 100.00% | 99.67% | 0.0006 | 0.0102 | 1.00002-04
3 1850 | 00:01:14 | 100.00% | 99.57% | 0.0063 | 0.0082 | 1.00002-04
3 1500 | 00:01:16 | 100.00% | 99.91% | 0.0017 | 0.003¢ | 1.00002-04
3 1950 | 00:01:18 | 100.00% | 99.57% | 0.010¢ | 0.0056 | 1.00002-04
3 2000 | 00:01:19 | 100.00% | 99.13% | 0.0166 | 0.0212 | 1.00002-04
e 2050 | 00:01:21 | 100.00% | s8.91% | 0.0088 | 0.0321 | 1.00002-04
e 2100 | 00:01:23 | 100.00% | 99.50% | 0.0026 | 0.005¢ | 1.00002-04
e 2150 | 00:01:25 | 100.00% | s9.55% | 0.0002 | 0.0085 | 1.00002-04
e 2200 | 00:01:28 | 100.00% | 99.50% | 0.0013 | 0.0066 | 1.00002-04
e 2250 | 00:01:29 | 100.00% | 99.228 | 2.94672-05 | 0.0217 | 1.00002-04
e 2300 | 00:01:31 | 100.00% | 99.33% | 0.0023 | 0.0164 | 1.00002-04
e 2350 | 00:01:33 | 100.00% | 99.08% | 0.0052 | 0.0229 | 1.00002-04
e 2400 | 00:01:35 | 100.00% | 99.39% | 0.0008 | 0.0185 | 1.00002-04
e 2450 | 00:01:37 | 23.75% | 99.08% | 0.1260 | 0.035¢ | 1.00002-04
e 2500 | 00:01:39 | 100.00% | 99.94% | 0.0017 | 0.0036 | 1.00002-04
e 2550 | 00:01:41 | 100.00% | 99.94% | 0.0017 | 0.0052 | 1.00002-04
e 2600 | 00:01:43 | 100.00% | 100.00% | 0.0003 | 0.0017 | 1.00002-04
e 2650 | 00:01:45 | 100.00% | 99.59% | 0.0017 | 0.0036 | 1.00002-04
e 2700 | 71 100.00% | °9.85% | 2.3%662-05 | 0.0028 | 1.00002-04
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Description Bhas Period Tasks and Key Decision Points Outputs & Deliverables
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