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ABSTRACT

This thesis introduces novel automated visual defect detection approaches that

effectively address the challenges of data scarcity and imbalance. In the manufac-

turing industry, conventional defect detection systems rely on end-to-end supervised

learning methods that necessitate abundant labeled data, including defective samples.

However, such data is often insufficiently available. In light of this, we propose two

alternative approaches. The first approach combines unsupervised learning anomaly

detection with rule-based computer vision, enabling effective defect detection with a

smaller dataset consisting exclusively of non-defective samples. The second approach

leverages rule-based computer vision exclusively, eliminating the need for any training

data.

To demonstrate the practicality and efficacy of the proposed approaches, this study

uses the case study of Automated Fiber Placement (AFP) and design, implement,

and evaluate both methods for defect detection in this industry. Specifically, these

methods are tested on depth map images of the composite surface obtained using

Optical Coherence Tomography (OCT) technology. Before utilizing these images for

defect detection, certain preprocessing steps, such as noise filtering, are applied to

enhance their quality.

In the anomaly detection approach, the process begins with utilizing Hough Trans-

form to estimate the boundaries of each composite strip (tow). Subsequently, a sliding

window traverses along each tow, extracting small patches. A subset of these patches

that are free from anomalies is used to train the autoencoder. Since the autoen-

coder is trained using normal samples, it can generate more precise reconstructions

for these patches compared to abnormal ones. Consequently, the reconstruction error

value serves as a quantitative metric to determine the presence of potential anomalies

within each patch. By aggregating these values, an anomaly map is generated, en-
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abling the identification of manufacturing defects within the depth map. The results

demonstrate that despite the autoencoder being trained with a limited number of

images, the proposed approach achieves satisfactory accuracy in binary classification

and effectively localizes the defects.

The rule-based method proposed in this study effectively identifies gaps and over-

laps, which are the most common manufacturing defects in AFP. This approach

combines classical computer vision techniques to identify the outlines of individual

tows, enabling a comparison between consecutive tows to identify any potential gaps

or overlaps. To assess the effectiveness of the proposed approach, this study compares

the detected defects with ground truth annotations provided by human experts. The

results affirm a high accuracy in segmenting gaps and overlaps.
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Chapter 1

Introduction

This chapter provides an introductory background on defect detection and Automated

Fiber Placement to establish the motivation for this thesis. The research questions

and objectives of the thesis are stated, and the contributions of this work are dis-

cussed. Finally, the chapter concludes with an overview of the thesis organization.

1.1 Background and motivation

Automated Fiber Placement (AFP) is an advanced manufacturing technique that

produces composite materials. It involves the precise robotic placement of continuous

fiber tapes onto a surface to create strong, lightweight structures. The composite parts

manufactured using AFP find applications in industries that prioritize high quality

and reliability such as aerospace and automotive [1, 2, 3].

Similar to any manufacturing process, AFP is susceptible to defects, which can

have a substantial impact on the mechanical properties of the composite part [4, 1].

For instance, the existence of systematic defects can decrease the strength of the

composite structure [5]. Consequently, inspection plays a critical role in AFP by

identifying defects and ensuring the production of defect-free composite parts.
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Defect detection in AFP has traditionally relied on manual inspection, where

human experts visually examine each strip of composite fiber before proceeding to

the next layers [6]. However, this manual inspection process can often become time-

consuming, occasionally exceeding the duration of the AFP deposition itself [7]. Con-

sequently, the accuracy and efficiency of manual inspection are not consistently reli-

able.

To address these challenges, researchers have focused on automating defect de-

tection in AFP. Automated inspection technologies have been developed and im-

plemented within AFP processes to overcome the limitations of manual inspection.

These advanced technologies utilize computer vision, image processing, and machine

learning algorithms for real-time defect detection and classification. By leveraging

these automated systems, the detection of defects becomes more efficient and accu-

rate in AFP manufacturing.

This thesis aims to explore and evaluate the effectiveness of automated defect de-

tection systems, specifically focusing on computer vision techniques, in the context of

Automated Fiber Placement (AFP). By investigating the capabilities and limitations

of computer vision-based defect detection in AFP processes, this research contributes

to improving quality control in composite manufacturing. Furthermore, this study

introduces novel approaches for defect detection in AFP, incorporating innovative

methods that have not been extensively explored in previous research. Integrating

these novel approaches enhances the potential for accurate and efficient defect detec-

tion, paving the way for advancements in the field. The findings of this study can

provide valuable insights and recommendations for industry practitioners seeking to

enhance the efficiency and reliability of defect detection in AFP, ultimately leading

to improved product quality and reduced production costs.
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1.2 Research Question and Objectives

Problems: Data Scarcity and Imbalance

Most of the existing defect detection solutions heavily rely on end-to-end super-

vised learning, utilizing Convolutional Neural Networks (CNNs) to train on labeled

datasets. However, these supervised learning methods can be impractical for indus-

trial projects due to the specific requirements associated with training data.

Firstly, the abundance of training data poses a challenge. End-to-end learning

necessitates a large number of images of manufactured parts, which may not always

be readily available.

Secondly, data labeling is time-consuming and manual [8], adding further compli-

cations to supervised learning. Additionally, there is no universally accepted standard

for how a human inspector should label defects for machine-learning purposes [7].

Thirdly, defects in real-world production are infrequent [9], resulting in a severe

data imbalance issue. Normal samples are abundant, while defect samples are scarce

[8]. Manually inducing manufacturing defects for data generation is expensive, im-

practical, and can lead to destructive consequences. This inherent data imbalance

problem greatly complicates the effectiveness of supervised learning approaches [9].

To tackle these challenges, researchers have proposed various solutions to address

the data imbalance and scarcity issues [10]. This study presents two alternative

approaches to overcome the limitations of supervised learning for defect detection.

Solution 1: Unsupervised Anomaly Detection

Unsupervised learning is one of the solutions to tackle the data imbalance problem

[8]. In AFP, the non-defective parts with no defects are typically well-defined thanks

to the simple, invariant structure of the tows. Non-defective samples are used, which
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constitute the major proportion of inspection data, to train a classifier to discern

abnormal samples that appear different from its training set. This work applies the

Autoencoder methodology in AFP anomaly detection, thanks to its robustness and

efficiency in creating an anomaly classifier that only requires a limited size of normal

samples. An autoencoder works by learning to encode normal input samples into

a lower dimensional latent vector that can be decoded to reconstruct the original

sample. The reconstruction is compared with the original, and a reconstruction error

metric is calculated. When an abnormal sample is provided, the reconstruction errors

will be high since the autoencoder was never trained with a similar image. A threshold

is then applied to the reconstruction errors to determine if the sample is normal or

abnormal.

The main drawback of this approach is that it only determines the anomalies and

does not identify the defect type. On the other hand, it offers several advantages over

the existing methods:

• It requires fewer samples by using efficient Region of Interest (ROI) selection.

• Labeling is not necessary; the sole requirement is to ensure the absence of defects

in the data.

• It only needs non-defective samples, which is the majority of samples.

• It only relies on the understanding of normal samples, which is well-defined

compared to poor definition of defect.

Solution 2: Rule-based Computer Vision

Clasical CV has popularity for object detection due to its efficiency and reliability.

More importantly, these methods do not necessitate the training of any machine

learning model. This fact solves the data scarcity and imbalance problems in defect
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Method Data required
ML-
based

Rule-
base

End-to-end
supervised learning

Abundant labelled data
including defective

samples
✓

Unsupervised
anomaly detection

with efficient sample
extraction

Fewer data of inclusively
defective samples with

no labeling
✓ ✓

Gap and overlap
segmentation using
curve detection

None ✓

Table 1.1: Comparison of the existing and proposed defect detection methods

detection. This study proposes a novel approach to the gap and overlap detection

in AFP by leveraging the composite tapes (tows) known structure to create a cus-

tomized tool to segment gaps and overlaps in composite parts. This approach is

evaluated on samples of composite profilometry images to compare its performance

with existing methods. The experimental results demonstrate that this approach can

achieve high accuracy in the gap and overlap segmentation, making it a promising

tool for improving the efficiency and quality of the AFP process.

Table 1.1 summarized the comparison between the common existing and proposed

methods in this work.

1.3 Contributions

Contributions of this research are as follows.

1. Presenting a literature review on the existing defect detection techniques, espe-

cially in Automated Fiber Placement.

2. Introducing a novel framework for anomaly detection and localization in Au-

tomated Fiber Placement. Using the preliminary knowledge of the compos-
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ite tows’ symmetry, the proposed approach only requires a small dataset of

non-defective composite parts, which overcomes the problem of defective data

scarcity.

3. Designing and validating an autoencoder with the optimal size of the latent

domain that can identify the best distinctive features to differentiate between

normal and defective samples.

4. Presenting a novel rule-based approach for the detection and demonstration of

gaps and overlaps in the process of Automated Fiber Placement which does not

require any data for training.

5. Implementing the presented methods to prove their feasibility.

6. Testing the impact of individual components of gap and overlap detection work-

flow to show the significance of each step.

7. Evaluating the performance of the defect detection methods by comparing the

results with human-annotated ground truth images.

In this thesis, OCT sensor data is used to present the inspection techniques.

However, these solutions can be scaled to other AFP imaging techniques with some

modifications.

1.4 Organization

The organization of this thesis is as follows:

Chapter 1 presents an introduction on the thesis.

Chapter 2 provides a literature review on defect detection and Automated Fiber

Placement.
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Chapter 3 describes, the full procedure of anomaly detection, including data pre-

processing, training of the AI model, and implementation details.

Chapter 4 describes the experimental setup and explains the implementation de-

tails.

Chapter 5 presents the evaluation results of both the anomaly detector and the

localization system. Also, the impact of various components in the algorithm

is evaluated.

Chapter 6 concludes the thesis and suggests future research directions.
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Chapter 2

Literature Review

This chapter provides an overview of the classical and learning-based computer vision

techniques employed in this thesis. These techniques play a crucial role in tasks

such as image preprocessing, visual information extraction, and object detection.

Furthermore, a comprehensive examination of the existing literature on defect and

anomaly detection is presented. Lastly, an analysis of defects, inspection technologies,

and methods in Automated Fiber Placement (AFP) is included in this review.

2.1 Classical Techniques in Computer Vision

Median Filters for Noise Reduction

Image de-noising is a common image pre-processing step. This step is very important

as it generates a clearer representation of images, as a noisy image can significantly

damage the following image processing and computer vision tasks. Image filters, in-

cluding linear and non-linear ones, have been used to remove or reduce image noise.

Linear filters result in a blurring effect on the image details like edges, whereas non-

linear filters can preserve these details while reducing the impact of noise [11].
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One of the most common noise types is salt and pepper noise. Images can have

random impulse noise due to hardware (e.g., camera sensor) or software (e.g., memory

allocation) problems [12]. In salt and pepper noise, random values are either minimum

(black) or maximum (white) values [13]. Nonlinear filters, especially median ones, are

commonly used to remove salt and pepper noise [11, 12, 14].

A median filter substitutes a pixel’s value with the median of the neighboring

pixels within its vicinity. A mask defines this neighborhood and often includes the

original pixel [15]. Different mask shapes can be applied, such as squares, circles,

crosses, etc. [14]. A mask is moved over the image. For each position of the mask,

the image pixels placed within the mask are gathered and sorted in ascending order.

The median value of these numbers is used as the filtered value of the center pixel in

the resulting image [13]. Justusson (1981) provides a formulation of the median filter

as Equation 2.1 [14]. In this equation, a median filter (med) is applied to image x and

generates image y as the filtered result. The median of the values is only calculated

for the pixels masked by the filter A.

yij = med
A

xij ≜ med [xi+r,j+s; (r, s) ∈ A] , (i, j) ∈ Z2 (2.1)

In Figure 2.1, the effect of the median filter on reducing the impulse noise on an

image is demonstrated. The outliers of the image are removed while the visual details

are preserved.

Morphological Operations

Morphological operations are essential image-processing techniques used to analyze

and modify the shape and structure of objects in an image. Morphology has been

used in different image-processing tasks [16]. For example, Li et al. (2015) used

Morphological operations to de-noise the input images to detect bubbles in blood
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(a) Image with salt and pepper noise (b) Image after median filtering

Figure 2.1: The impact of median filter on removing salt and pepper noise [13].

dialysis devices [17].

These operations are executed by utilizing a structuring element, a small shape

or pattern that defines the surrounding area of each pixel. The structuring element

is usually a binary matrix with a predetermined shape, such as a square, circle, or

costume shape. Selecting a proper structuring element is important as it changes the

opening and closing output [18].

Dilation and erosion form the basics of morphological operations. Dilation ex-

pands the objects in the image while erosion shrinks them [17]. By combining these

two operations, more complex operations can be achieved. For example, the opening

is a combination of erosion followed by dilation and is used to remove noise and small

objects from an image. Conversely, closing involves dilation followed by erosion and

is useful for filling gaps and holes in objects. The opening operation eliminates small

groups of pixels and narrow lines that belong to an object [19]. Therefore, it is used

for image filtering [20]. Equation 2.2 shows the opening operation (◦) in which ⊖

and ⊕ are erosion and dilation operations, respectively. The image (I) opened using

the structuring element (S) is defined as first eroding I with S and then dilating
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the resulting image with S [17]. Note that the same structuring element is used for

erosion and dilation [16].

I ◦ S = (I ⊖ S)⊕ S (2.2)

Figure 2.2 demonstrates the impact of four basic morphological operations on a

binary image.

Figure 2.2: Morphological Operations [19]: object shown in black and background in
white pixels

Edge Detection

In Computer Vision, an edge is a discontinuity in the image intensity [21]. Edges

represent significant visual information [22], like the boundaries of the objects with

different properties. Edge detection is the process of finding sudden changes (sharp

transitions) in the image intensity. finding the edges extracts invaluable information

on the shape and boundaries of the objects in an image. Edge detection is a significant

technique in image processing and computer vision. It can be used to condense the

information in an image by eliminating unnecessary data while retaining the essential
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details [21]. Edge detection has been used for various computer vision tasks such

as segmentation, object detection, image enhancement, etc. [23]. For example, one

of the edge detection applications is finding the objects’ boundary in an image [24].

However, edge detection is not a trivial task. For instance, edge detection in a noisy

image is challenging because the high-frequency nature of noise can be misinterpreted

as rapid intensity changes of edges [21].

Different methods have been used for edge detection. Sobel [25] is one of the fun-

damental edge detectors. This operator is useful for finding the edges along a certain

direction [21]. Sobel edge detector uses two directional kernels to find the horizontal

and vertical gradients of the image. By combining these two edge components, the

magnitude, and direction of the edges are calculated. After calculating the gradient,

the gradient values above a threshold represent edges. Finding the best threshold is

one of the most challenging parts of Sobel edge detector [24].

A more sophisticated method is the Canny edge detector [26], among the most

popular edge detection techniques in Computer Vision [24]. Canny edge detection

uses the basics of Sobel, but it has extra steps of non-maximum suppression and

hysteresis [24] that make it a more powerful tool. In many cases, Canny edge detection

outperforms Sobel edge detection [27], especially for the detection of long edges [24].

This edge detector is robust to noise as it uses image smoothing to remove the effect

of noise [21].

Hough Transform for Line Detection

Edge detection can extract valuable visual information on the object’s shape, but it

usually generates a discontinuous representation, which is not always enough to detect

an object. Various methods have been used to generate the original representation

of the shapes, like lines. One of the most powerful techniques is Hough Transform
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(HT) [28], which is a voting-based feature extraction technique. HT, simplifies the

complicated problem of finding objects in image space to finding local maxima in

parameter space [29]. HT was first used for detecting lines [28] but was extended to

more shapes [30]. This approach is robust to noise and partial occlusion and works

in the presence of other unwanted objects in the image [29].

Two types of Hough Transform are Classical and Generalized. Classical HT re-

quires an analytical shape expressible with a few parameters [31]. For example, lines

can be represented with two and circles with three parameters. Generalized Hough

Transform is useful for detecting arbitrary shapes and curves and is used when no

analytical shape representation is available. However, this approach is more compu-

tationally expensive.

Hough Transform involves multiple steps. First, the edges of an image are ex-

tracted using an edge detector (e.g., Canny). Then each edge point is transferred

from Cartesian pixel space into a parametric space known as Hough space, generat-

ing an accumulation of votes for the object. The local maxima in Hough space are

found as candidates for the desired objects. Finally, the most prominent objects are

detected using post-processing techniques like thresholding.

Lines are among the most valuable shapes in Computer Vision. Finding lines is

helpful in various applications, such as lane detection in autonomous driving. Hough

Transform has been a popular method for line detection [31]. Only two parameters

are enough to represent lines in a 2D space. In polar coordinates, a line with distance

ρ from the origin and angle of normal to the line θ is represented in 2.3 [30]. A sample

line is shown in Figure 2.3a.

ρ = x cos(θ) + y sin(θ) (2.3)

All the possible lines parameterized as (θ, ρ) passing the edge pixel at (x0, y0) are
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calculated and accumulated to the Hough space (Figure 2.3b).

(a) A line in Polar Coordinates (b) Parametric Hough Space

Figure 2.3: Transfering a line from image space into Hough Transform space

Figure 2.4: Hough transform is used to detect the most prominent lines in grayscale
images [32]

2.2 Anomaly Detection

Manufacturing defects can be considered as anomalies. An anomaly is defined as any

unusual observation in a dataset.
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There are several methods to detect anomalies in images including supervised,

semi-supervised, and unsupervised methods [33]. Supervised anomaly detectors re-

quire a large, labeled dataset to learn the binary classification of normal or anomaly.

Semi-supervised methods also required labeled data, however, these approaches as-

sume that only non-anomalous samples are present in the training dataset. The

semi-supervised methods generally intend to learn a compact mapping or encoding

that represents the normal data well, while poorly representing anomalies [34]. Clas-

sification is then performed based on a selected metric, usually a reconstruction error,

to identify samples that are not well-represented by the learned model. Unsupervised

methods, on the other hand, have no label requirements for the data and attempt

to learn high-level representations or distributions of the data to identify outliers

as anomalies [35]. The state-of-the-art image-based anomaly detectors mainly em-

ploy Convolutional Neural Networks (CNNs) with semi-supervised and unsupervised

methods, using generative models such as Autoencoders and Generative Adversarial

Networks (GANs [36]).

Autoencoders, with the ability to reconstruct input samples, are powerful tools

for classifying anomalies in images. Ulger et al. (2021) [37] investigate the use of

autoencoders to detect defects in solder joints. The authors compare three different

types of autoencoders as anomaly detectors to identify the defects: a simple Con-

volutional Autoencoder, a Variational Autoencoder, and a Disentangled Variational

Autoencoder. The autoencoders learn to encode non-defective input samples into

a lower dimensional latent vector that can be decoded to reconstruct the original

sample. With this, the reconstruction is compared with the original, calculating a

reconstruction error metric. A threshold is applied to the reconstruction errors to

determine if the sample is similar to the distribution of the training dataset. If the

reconstruction error is too high, the sample is classified as a defect. The implemented
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autoencoders all follow a similar convolutional architecture, however, the variation

autoencoder uses Gaussian distributions to represent the encoded samples. The dis-

entangled variational autoencoder is quite similar, with an additional term added to

the loss function that incentivizes the model to learn less-correlated distributions.

This method could be suitable for defect detection in AFP composites as the model

only requires non-defective samples for training, which are much more abundant than

defect cases.

With a similar approach for detecting surface defects of manufactured materials,

Tsai et al. (2021) [38] investigate Convolutional Autoencoders (CAEs) for anomaly

detection based on reconstruction error. The autoencoder models are used to ex-

tract representative features for image inspection in contrast of traditional machine

learning methods that require handcrafted feature extractors. The proposed anomaly

detector is tested on various different textured and patterned surface types, including

wood, liquid crystal displays, and fibreglass. This work also implements a VAE with

a similar architecture to the CAE for comparison. Both the CAE and VAE models

use 320-dimensional latent vectors to represent the encoded image data. Classifica-

tion is conducted based on the reconstruction error, with a threshold determined by

a Receiver Operating Characteristic (ROC) curve. Comparing the ROC curves of

the CAE and the VAE, the authors found that the CAE could achieve much better

classification thresholding than the VAE. Overall the results indicate good classifica-

tion performance and efficient processing. The authors note that their method is an

image-wise defect detection approach, however, it could be adapted to localize defects

by sliding a window over the image to classify local regions. This approach could be

very beneficial for anomaly detection in industrial inspection industries where data

of defective samples are very limited.

In the same way, Chow et al. (2020) [39] implement a reconstruction-based
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anomaly detector using a Convolutional Autoencoder to detect surface defects on

concrete structures. They use a semi-supervised approach, training the autoencoder

with a dataset of defect-free image samples. Their model learns to minimize the re-

construction error of non-defective inputs but produces high reconstruction errors for

defective inputs. However, the input data for concrete structure inspection are gener-

ally high-resolution images that cannot be processed all at once due to the limitations

of computation resources. To solve this issue, the authors implement a window-based

approach that takes smaller cropped sections of the overall image as input to the

network. This is done by sliding a window along the image at different scales and

rescaling the image patches to a standard input size of the network. This also enables

the model to better detect anomalies of various sizes. In this approach, the combined

reconstruction errors are used to generate a pixel-wise anomaly map for each full-size

image. The anomaly map produces a score for each pixel, rather than just a binary

classification, which is used as an indication for inspectors to understand the risk

level associated with the anomalies. The results of this process show improved seg-

mentation performance when compared with other classical methods and even add

contextual understanding with the pixel-wise scoring.

2.3 Automated Fiber Placement

Defects

In 2019, Heinecke and Willberg reviewed manufacturing-induced defects in AFP,

identifying the types of defects in this industry and analyzing different methods for

evaluating the effects of each defect [7]. In their paper, defects are classified into 10

different categories based on how they occur and their resulting effects. The defect

types identified are: angle deviation; tow misalignment; waviness; gap and overlap;
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twisted tow; bridging and crowning; tow wrinkling and upfolding; voidage and inclu-

sions; residual stresses and process-induced deformations; and fuzz formation. The

authors note that defects in this industry have a very low likelihood of occurrence

and can be challenging to reproduce. For this reason, many of the identified defects

are rarely investigated. In their review, Heinecke and Willberg identify the lack of

well-developed monitoring systems for AFP production processes.

Also in 2018, Harik et al. [40], reviewed the defects in AFP. In Figure 2.5 two

Computer-aided Design (CAD) models for two types of defects are illustrated. The

defects can be either between the tows (like gaps and overlaps) or within a tow (like

twist).

(a) Gap and Overlap (b) Twist

(c) Gap and Overlap (d) Twist

Figure 2.5: Some common types of AFP defects are shown as photos (top row) and
CAD models (bottom row) [40].

Gaps and overlaps are the most frequent defects in AFP [7, 40, 41]. A gap happens

when two neighboring tows are misaligned in a way that there is some space between

them. On the other hand, an overlap occurs when the two adjacent tows are positioned
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such that they partially cover each other [40]. The presence of gaps and overlaps can

negatively impact the mechanical properties of the final part. They may results in

uneven distribution of thickness [41], and strength reduction [42] in the laminate.

Also, they can form regions within the composite part that are excessively rich in

either resin or fiber [43].

Inspection Techniques

Many non-destructive testing methods have been used to evaluate composite struc-

tures [44]. Some of these methods utilize profilometry to capture surface information

from composite parts and present it in the form of images. Various imaging tools

employ different sensors, such as optical cameras [45], thermal cameras [46, 47], and

laser scanners [48, 49]. Researchers at the National Research Canada (NRC) have

developed a precise imaging tool using an Optical Coherence Tomography (OCT)

sensor [50].

Defect Detection Methods

Recent research seeks to automate anomaly and defect detection by using Artificial

Intelligence (AI), Computer Vision (CV), and deep learning methodologies, reducing

manual effort in AFP inspection, and expediting production.

There are many publications that explore supervised learning methods for inspec-

tion in manufacturing industries, including AFP.

To begin with, Sacco et al. (2020) [51] review the applications of machine learning

in composite manufacturing processes and present a case study of state-of-the-art

inspection software for AFP processes. The presented inspection method uses a deep

convolutional neural network for semantic segmentation to classify defects on a per-

pixel basis. They use about 800 scans which is relatively a large dataset in this
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domain, yet the results show their method often misses some defects. One downside

of semantic or instance segmentation is that it requires pixel-wise data labelling. In

an industry project, however, it is not common to have pixel-wise annotated data or

in practice, it is very time-consuming to create.

Another approach using deep learning to classify defects in AFP is presented

by Schmidt et al. (2019) [52]. The work employs convolutional neural networks to

analyze thermal images of composite materials taken during the AFP process. Their

detection and classification method is broken down into two stages. The first stage

monitors each tow individually, detecting and classifying defects. In the second stage,

the total width of faultless tows is monitored, while multi-tow defects are detected

and classified. The models are trained on a dataset consisting of 1000 images per

class.

In a similar problem domain, Wei et al. (2019) [53] present a defect detection

method for fabric and textiles based on the faster Region-based Convolutional Neural

Network method (Faster R-CNN [54]). The dataset in this study has 6 classes of

surface defects, quite similar to the defects found in AFP-manufactured composites.

The modified R-CNN network consists of convolutional layers with a regional proposal

network to generate anchor points for proposed areas of interest. The anchor points

are passed through a Region of Interest (ROI) pooling layer and then fully connected

layers to predict a bounding box and classify the defect.

Another defect detection method based on R-CNN is presented by Wang et al.

(2018) [55] to identify defects on styrofoam containers. Their work implements Mask

R-CNN which is a modification of R-CNN that uses an ROI Align layer in place

of the ROI pooling layer. Mask R-CNN also performs pixel-based segmentation in

addition to bounding box detection. The authors of this paper note that defects are

typically rare and it can be difficult to compile a dataset for. In their work they
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suggest that models can be trained on various different products to detect defects in

a more generalized manner.

The problem with these supervised learning approaches is that their performance

is heavily dependent on the dataset. Training a supervised learning classifier requires

an adequate amount of defect data, which is not easily obtained. A dataset with a

large number of non-defective samples and only a few samples of defects is unbalanced,

and training a classifier with such a dataset increases the chance of the classifier being

biased towards the non-defective class. Moreover, adding manual defects in order to

generate a training set for supervised learning methods does not fully reflect the

features of machine-induced defects. In consequence, the supervised methods are not

practical or reliable for real inspection systems in AFP.
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Chapter 3

Methodology

This chapter offers an overview of the defect detection approaches proposed in this

study. It discusses the utilization of rule-based computer vision methods, such as

edge detection, in the design of a gap and overlap detection system. Additionally,

it explores the integration of classical computer vision techniques with unsupervised

deep learning to develop an anomaly detection tool for Automated Fiber Placement

(AFP). A visual representation of our methods is provided in Figure 3.1, summarizing

the key steps.

3.1 Data Acquisition and Preprocessing

Data Collection

The defect detection methods employed in this study utilize data collected from the

Automated Fiber Placement (AFP) setup depicted in Fig. 3.2a. Scans are conducted

on composite carbon fiber surfaces using an Optical Coherence Tomography (OCT)

sensor installed on the AFP layup head. The OCT sensor captures high-resolution

point clouds of the layup tow surface [56, 57]. Fig. 3.2b showcases an image of the
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Data Acquisition and Preprocessing

Gap and Overlap Segmentation Defect Localization

Data Acquisition and Preprocessing

Gap and Overlap Segmentation Using

Curve Detection

Edge Detection Centerline Detction

Edge Merging Sampling by Sliding Window

Tow Boundary Detection Anomaly Detection by Autoencoders

Unsupervised Anomaly Detection With
Efficient Data Extraction 

Figure 3.1: An overview of the proposed approaches.

AFP head with the OCT sensor installed.

To simplify and enhance efficiency in processing information, the 3D point clouds

are converted into 2D depth maps. During this conversion, the key structural infor-

mation of composite tapes is retained. These depth maps are presented as grayscale

images, where the brightness of each pixel corresponds to the surface elevation on the

composite part. Moreover, the location of each pixel corresponds to the Cartesian

coordinates of the corresponding point on the composite part’s surface. Fig. 3.3 pro-

vides various representations of a sample composite part, highlighting that defects are

less discernible in the RGB image due to reflections and low visual contrast. However,

defects become more evident in the depth map, offering improved visibility for defect

detection.
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(a)

(b)

Figure 3.2: The industrial AFP setup is shown in two separate views. On the left
is an overall view of the fibre placement machine (a), and on the right is a close-up
shot of the robotic tool applying carbon fibre tows. The OCT sensor is visible to the
upper left of the roller.
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(a)

(b) (c)

Figure 3.3: Different representations of a composite part manufactured with an AFP
machine. Above (a) is a 3D point cloud measured using OCT Technology. The
bottom left (b) shows the depth map generated from the 3D point cloud, and a
real photograph of the same composite part is shown in the bottom right (c) for
comparison.
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Noise Removal

The raw depth maps contain impulse artifacts, also known as salt and pepper noise,

which can be detrimental. To remove this type of noise, a median filter applies on to

the depth image [58]. Compared to a Gaussian filter with a small radius (a low-pass

filter) [59], a median filter has a lower risk of losing high-frequency features.

Global Normalization

Another data preparation step is needed because different raw depth-map images

have inconsistent ranges of values depending on the distance of the laser origin to the

composite surface. This effect is commonly caused when the OCT sensor is mounted

to a fixed location behind the AFP head while scanning a contoured surface. These

variations can cause undesired behavior in the defect detection methodology. To

address this, all the images undergo a min-max normalization so that the minimum

depth value is mapped to 0 and the maximum value is mapped to 1. By applying

this linear transformation, the visual contrast of the images is improved while keeping

the original depth ratio. The normalization function is provided in Eq. 3.1 in which

zi,j is the original depth value, pi,j is the normalized pixel value, and Z is the whole

depth map matrix.

pi,j =
zi,j −min(Z)

max(Z)−min(Z)
(3.1)

3.2 Gap and Overlap Segmentation

In this section, we explore the procedures involved in our gap and overlap segmen-

tation algorithm. Initially, we employ capture scans from composite structures and

apply fundamental image processing techniques to enhance the input image, elimi-

nate unwanted noise. Then, we extract the edges on the image and filter only the
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horizontal edges that correspond to the upper and lower boundaries of the tows. Sub-

sequently, we proceed to group and merge the extracted edges to create continuous

horizontal edges for the tows. Following that, we apply a curve-fitting approach to

estimate and represent the boundaries of the tows using the merged edges. Lastly,

we utilize the tow boundaries to segment any gaps and overlaps in the image.

Edge Detection and Filtering

As discussed in Chapter 2, edges in grayscale images are sharp transitions in intensity

that mark the boundaries between different regions within the image. In AFP images,

some edges may flag the boundaries of the tows which are useful for gap and overlap

detection. To extract the edges of the image, a canny edge detection with a proper

Gaussian filter size applies on the processed image. While this process captures

all edges, some of them may not correspond to the upper or lower boundaries of the

tows. Since our objective is to isolate only the upper and lower boundaries, it becomes

necessary to eliminate any additional information or noise present in these edges. To

accomplish this, an opening morphological operation is used. The opening operation

uses a horizontal line with a length of 5 pixels as the structuring element which filters

horizontal edge pieces. Figure 3.4 shows the impact of the opening operation on

filtering out noise and non-horizontal edges.

1 0 0 1 0 0 0
0 0 0 1 0 1 0
0 1 1 1 1 1 1
1 0 0 1 0 0 0
0 0 0 1 1 0 0

before opening
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 1 1 1 1 1 1
0 0 0 0 0 0 0
0 0 0 0 0 0 0

after opening

Figure 3.4: A morphological opening operation with a horizontal line structuring
element only preserves the horizontal edge pieces.
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After extracting all the horizontal edges from the image, the next step is to classify

these edge pieces into two distinct categories depending on whether they correspond

to the upper or lower boundaries of the tows (Figure 3.5a). The challenge in this task

is that the lower edge of the upper tow and the upper edge of the lower tow are often

very close to each other, and sometimes they overlap. To tackle this problem, the

sign of the vertical gradient of the image is used as the classification criteria. Sobel

is a standard way to generate image gradients [24]. To begin with, a Sobel operator

formulated as in Equation 3.2 calculates the vertical gradient denoted as Gy. Here, I

represents the input image, and ∗ signifies a 2D convolution.

Gy =


+1 +2 +1

0 0 0

−1 −2 −1

 ∗ I (3.2)

Considering the up-to-down direction for the vertical axis (rows of the image) in

Figure 3.5b, a rising edge in the pixel brightness values corresponds to the upper

edges of a tow. As a result, positive values of Gy indicate the presence of upper

boundaries. Conversely, negative values signify lower boundaries of the tows. Thus,

by examining the values of the vertical gradient, the extracted horizontal edges can

be effectively classified as either upper (positive) edges or lower (negative) edges.
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lower edge

upper edge

(a) Upper and Lower Boundaries of a Tow

falling edge

negative
gradient

rising edge

positive
gradeint

(b) Presence of a tow cause vertical changes in image intensity and gradient sign.

Figure 3.5: Distinction Between Upper and Lower Tow Edges

Merging the Edges

The identified horizontal edges are discontinuous, and as a result, they do not show

the upper and lower boundaries of the tows. To address this, merging the edges

associated with the same tow is necessary, effectively creating continuous boundaries.

First, a Computer Vision algorithm called Connected Component Labeling [60]

to identifies each connected component (region) of the binary image as illustrated in
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Figure 3.6. In this project, each region is a piece of the horizontal edge of the tow

that is not connected to other edges.

0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 1 1 0 0 0 0 0 0 0
1 1 1 0 0 0 0 1 1 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 1 1 1 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0

binary

0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 1 1 0 0 0 0 0 0 0
2 2 2 0 0 0 0 1 1 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 3 3 3 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0

labeled

Figure 3.6: Connected components labeling of edge regions.

The edge regions that belong to the same tow should be accurately grouped to

prevent a wrong connection between two regions in different tows. This edge grouping

is done by defining an equivalency relation (R) provides in 3.3. The regions a and

b are considered to be in the same class (tow) if their distance (d) is lower than the

threshold value dTh.

R = {(a, b) : d(a, b) < dTh} (3.3)

More importantly, they need to be vertically close to each other. Since vertical

distance is more effective than horizontal distance, a customized distance function is

employed that considers both horizontal and vertical distances of the regions with

more penalty on vertical distance. This distance is formulated as equation 3.4. In

this equation, d is the customized distance, ∆x and ∆y are horizontal and vertical

distances, respectively. Also, a1 and a2 are constant coefficients.

The customized distance between each pair of regions is calculated. If two regions
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are close, they are considered in the same equivalence class. This algorithm groups

all the regions into some classes, each class representing a unique tow in the image.

d(a, b) = αx|xb − xa|+ αb|yb − ya| , αx < αy (3.4)

The next step is to merge the regions that belong to the same tow. To achieve

this, a straight line connects region pairs that are horizontally next to each other.

This line connects the rightmost pixel of the left region to the leftmost pixel of the

right region. The process of merging these edges to form cohesive boundaries of the

tows is visually depicted in Figure 3.7.

R

LR
L

Legend

Non-edge Pixel

Edge Pixel

Right Pixel

Left Pixel

Connection Pixel

Fitted Spline

R

L

Figure 3.7: Connecting the edge regions within a tow

To obtain a clear representation of reconstructed tow boundaries, the proposed

algorithm transforms the merged tow edges (pixels) into smooth curves (vectors) for

visualization. This is accomplished by applying a univariate spline [61] fitting to the

merged edges of each tow. Each tow edge is a list of pixels strictly ascending in terms

of horizontal positions. The function (f) is estimated such that, given the horizontal
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positions of the edge pixel (x), it can approximate the vertical position of the edge

pixel (y = f(x)).

Defect Segmentation

The estimated boundaries of the tows can be processed to segment gaps and overlaps

on the input image. When the upper boundary of the lower tow is higher than the

lower boundary of the upper tow, it is possible that an overlap between the two tows

happened. On the other hand, if the former is lower than the latter, a gap may

exist between the tows corresponding to those curves. Based on these criteria the

pixels in the input image can be classified into one of three classes neutral, gap, or

overlap. Note that the segmented areas are identified as potential manufacturing

defects. In fact, gaps and overlaps within the acceptable tolerance levels are not

considered defects. Further investigations are necessary to determine whether these

identified gaps and overlaps should be classified as defects or not.

Performance Evaluation

To assess the findings, the segmentation results are compared to the ground truth.

The ground truth is established by an operator who labels the images. This label-

ing process involves using a brush tool to mark all the pixels that belong to the

gap and overlap categories. To evaluate the performance of the gap/overlap segmen-

tation algorithm, Intersection over Union (IoU) is utilized as a metric for each of

these categories. After finding the IoU values for gaps and overlaps, the average of

these two numbers is calculated which serves as an overall measure of the algorithm’s

performance.
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3.3 Anomaly Detection

Figure 3.8 summarizes our anomaly detection framework. First, a composite scan

is processed and local samples are extracted from the images. Then, the trained

autoencoder generates an anomaly map, used to detect and locate the defects in the

image.

1. Data Preparation:

Image processing methods including noise
reduction and brightness normalization are
applied to a depth image from OCT sensor

measurements.

3. Anomaly Detection:

The trained anomaly detector assigns an

anomaly score to each square window, forming
an anomaly map of the tows.

2. Sliding Window:

The center-line of each tow is estimated using
computer vision techniques. Then, A window is

moved along each line to extract local
subsections of the image.

4. Defect Detection and Localization:

The anomaly map is processed to detect and

localize the defects, producing bounding boxes
for regions of the image with defects.

Figure 3.8: An overview of the proposed anomaly detection process shows the neces-
sary steps.

Efficient Sliding Window

One of the most basic methods to detect local objects in an image is to move a window

on the image and classify the smaller region inside the window [62]. This method is

known as a sliding window in computer vision literature. In general, multiple scales of

the sliding window are applied to the image to detect objects of different sizes. Also,
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the window slides vertically and horizontally over the entire image to extract local

samples. This generates many samples to be processed, increasing the computational

costs. However, to analyze the tow-level defects in AFP, the scale of defects is limited

to the width of the tows. Also, the sliding window only needs to move over each

composite tow. These constraints allow us to use a more efficient sampling method,

significantly reducing the computational costs and increasing the detection speed.

Each window detected as an anomaly is considered to contain a defect. In contrast,

the windows that are not anomalies are assumed to have normal tow structures.

Section 3.3 explains distinguishing between normal and abnormal samples.

The proposed sliding window moves along imaginary lines passing the center of

composite tows (also known as centerlines). The centerlines create a skeleton that

directs and constrains the sliding window’s ROI. Section 3.3 describes the method to

estimate the centerlines.

Tow Centerline Estimation

Hough transform is used as a line detector to estimate the vertical and horizontal

limits of the tows. The conventional Hough transform searches for all the lines with

stronger edges, but to detect the limit of the tows only horizontal and vertical lines

are required. Original Hough transforms would find too many lines that do not

represent the tows’ boundaries. On the other hand, the depth maps generated from

the composite surfaces have a specific structure. For example, all tows are in a

straight horizontal line in the images, and the number of tows and their width is

known. By incorporating this knowledge, the same Hough transform idea but with

some modifications can detect the desired lines.

The Hough space is limited to a certain angle range, corresponding to the slope

of the target lines. In Equation 3.5, h is the Hough space. ρ and θ denote the polar
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distance and the angle, respectively. The angle (theta) is within ϵ tolerance of the

goal angle θ0.

hij = f(ρi, θj) and θ ∈ [θ0 − ϵ, θ0 − ϵ] (3.5)

In a conventional Hough line detector, the local maxima in the 2D Hough space

are obtained to find the lines’ distance (ρ) and angle (θ). However, tow limit detection

approach only requires horizontal (θ = 90◦) and vertical (θ = 0◦) lines. Therefore,

the polling becomes a simpler problem of 1D maxima detection. To do so, the 2D

Hough space is accumulated along the angle (θ) axis according to 3.6. This results in

a 1D signal of distance (d).

di =
∑
j

hij for θj = 0◦ or 90◦ (3.6)

Then, a moving average filter with the size w is applied to the distance signal

for noise reduction. Finally, the local maxima of the 1D signal are calculated(3.7).

There are two additional constraints for finding the local maxima as shown in 3.8.

First, the value of local maxima should be greater than a minimum value (dmin) to

neglect weak lines. Second, the distance between two local maxima should exceed a

minimum threshold (∆xmin) to prevent detecting overlapping lines multiple times.

x = argmax(di) and dx = max(di) (3.7)

dx > dmin and |xj − xk| > ∆xmin (3.8)

The calculated local maxima (dx) represent the distance of the detected lines from

the origin, which is used to draw the detected horizontal and vertical lines.
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Figure 3.9 demonstrates the process of using customized Hough transform to de-

tect the horizontal and vertical lines. It shows that the algorithm can detect all the

desired lines without any non-target lines being detected.
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Figure 3.9: Customized Hough Transform for Detection of Horizontal and Vertical
Lines. Left: Hough Transform Space with Limited Angles, Right: 1D Distance Signal

After detecting the boundaries of the tows, their center (centerlines) are calcu-

lated by averaging each two consecutive horizontal lines bounded within the detected

vertical lines. This process is illustrated in Fig. 3.10.
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Horizontal
Vertical

(a)

Centerline

(b)

Figure 3.10: The centerline detection procedure contains two main steps: detecting
horizontal and vertical lines (a) and estimating tow centerlines from the detected lines
(b).

Supervised Learning

As defects are rare in AFP-manufactured composite parts, the defective samples are

insufficient for training a model using supervised learning. An unbalanced dataset

consisting of many non-defective samples and only a few defective samples increases

the chance of the classifier being biased toward the non-defective class. Also, a bal-

anced dataset with a few samples from both abnormal and normal classes under fits

the model. To compare the results of the supervised vs. the proposed unsupervised

learning approach, this work designs and tests the Convolutional Neural Network

model presented in Table 3.1.

Unsupervised Learning

As mentioned in Chapter 1, autoencoders have shown great success at identifying

anomalies in images. An autoencoder is an unsupervised learning model that re-

constructs the given input by learning to minimize the error between the input and

reconstructed output. They do this by encoding the input to a vector of latent

features, also known as the bottleneck, and then decoding those latent features to
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Table 3.1: Supervised Learning Network Structure

Convolutional Neural Network

Layer Layer Type & Activation Output Shape

1 2D Convolution (ReLU) (30, 30, 32)
2 2D Max Pooling (15, 15, 32)
3 2D Convolution (ReLU) (13, 13, 64)
4 2D Max Pooling (6, 6, 64)
5 2D Convolution (ReLU) (4, 4, 64)
6 Flatten (1024)
7 Flatten (64)
8 Fully Connected (2)
9 Soft Max (2)

reconstruct the input. Convolutional Autoencoders (CAEs) are a group of autoen-

coders that use convolution layers in their network structure. Convolutional Neural

Networks (CNNs) are more popular for image-based autoencoders than basic fully-

connected networks. This is because CNNs incorporate receptive fields using kernels

that maintain the spatial relationships of the data. CNNs are also computationally

efficient with sparse connectivity of neurons.

If only normal samples are used to train the autoencoder, it will be able to recon-

struct similar normal samples accurately, and the reconstruction results for abnormal

samples will be poor. Therefore, reconstruction error can be used as an indicator of

how anomalous each input is. For inference, each cropped window of a composite

material depth map is fed into the trained autoencoder. The reconstruction error of

each window is then used as an anomaly score to create an anomaly map for the en-

tire image. Reconstruction error of a window centered at (x,y) is calculated using Eq.

3.9 in which pi,j and p̂i,j are the pixel value of the input and reconstructed output,

respectively, and b is half of the size of each window.
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mx,y =
1

(2b)2

x+b−1∑
i=x−b

y+b−1∑
j=y−b

[pi,j − p̂i,j]
2 (3.9)

In this work, a CAE is designed and used as the anomaly detector. The design

incorporates symmetric encoder and decoder structures shown in figures 3.11a and

3.11b respectively. For training the model, Mean Squared Error (MSE) is employed

as the loss function. Although the full method uses continuous valued anomaly maps

to identify the defects rather than a binary prediction, binary classification can still

be useful in validating the model performance. For this, a threshold parameter is

introduced to classify samples based on their reconstruction error. To select the

threshold value, a Receiver Operating Characteristic (ROC) curve is applied. The

ROC curve plots the true positive rate against the false positive rate while varying

the threshold value. In an ideal case, the selected threshold would give a true positive

rate of 1 and a false positive rate of 0. In the ROC plot, this corresponds to the upper

left corner and hence the best threshold value is selected from the curve at the point

closest to that corner.
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Figure 3.11: A graphic depicting the network structure of the proposed autoencoder.
Above is the encoder structure (a), and below is the decoder structure (b).

Defect Localization

The anomaly detection generates an array of anomaly scores for each tow, which can

be considered as a 1D digital signal. Any area of this signal with a concentration of

high values indicates the presence of a defect. In Computer Vision literature, these

areas are called blobs [63, 64]. Difference of Gaussians (DoG) algorithm [65] is used

to detect the blobs. In this approach, the signal (f(x)) is filtered using Gaussian

kernels with increasing values for standard deviations (σ) as described in Equation

3.10, in which ∗ denotes a convolution operator. Then, the subtractions of each two

successively filtered signals are calculated. The local maxima of g(x, σ) represents the

blobs. In such maxima points, x and σ correspond to the location and characteristic

scale (size) of the blob, respectively.
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g(σ, x) = σ2∂n
2
σ

∂x2
∗ f(x) (3.10)

For each defect, two parameters are detected, radius and center. With this in-

formation, the detected blobs can be transferred from the anomaly map to image

space.
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Chapter 4

Experimental Setup

In this chapter, detailed insights are provided regarding the preparation of the dataset

and the procedures involved in training and testing the machine learning models.

Additionally, essential implementation details and design parameters are included,

enabling the replication of the thesis results.

4.1 Dataset and Training

While none of the approaches presented in this thesis necessitate defect samples for

their functioning, the evaluation of their performance requires images containing man-

ufacturing defects. However, due to the infrequent occurrence of defects in AFP, there

is a scarcity of defect samples even for evaluation purposes. To overcome this lim-

itation, defects are manually introduced into the composite parts. An expert peels

off the composite tapes after each layer is attached, and manufacturing defects are

intentionally added to these tapes through various operations, such as twisting them.

The dataset used in the anomaly detection approach consists of 44 depth maps

of composite surfaces, among which only two include twists and fold manufactur-

ing defects. Using the presented efficient sliding window method the local samples
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Dataset Normal Samples Abnormal Samples
Training 27406 0
Test 1648 42

Table 4.1: Number of Samples for Training the CAE

(patches) are extracted from these images. Some of these samples are demonstrated

in Figure 4.1. Table 4.1 shows the number of extracted samples. As shown in this

table, most extracted patches belong to the normal class which are split for train-

ing and test propose. The few defective samples are only used to test the anomaly

detector’s performance.

The dataset utilized in the anomaly detection approach comprises 44 depth maps

of composite surfaces, of which only two include twists and fold manufacturing defects.

Through the efficient sliding window method presented, local samples (patches) are

extracted from these images. Figure 4.1 illustrates some of these samples. Table 4.1

displays the number of extracted samples which are used to train the Convolutional

Autoencoders. As shown in the table, the majority of the extracted patches belong

to the normal class, which is divided into training and testing subsets. The limited

number of defective samples is solely used to evaluate the performance of the anomaly

detector.

Non-Defective

Defective

Figure 4.1: A dataset is created from cropped sections of the depth maps using the
sliding window method.
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4.2 Design Parameters

To eliminate the salt and pepper noise dots, a median filter with a kernel size of

N × N is employed. For optimal results, a moderate filter size of (N = 3) is used

to effectively remove the majority of these dots while preserving the essential visual

details within the image.

Based on the detected centerlines, a square window slides across the tows to ex-

tract cropped regions. We select a window size of 32×32 pixels to cover approximately

1.5 times the width of composite tapes. In this implementation, a stride of 8 pix-

els is used to move the window and sample the information cropped inside. This

combination of window size and stride allows enough overlap between the nearby

samples while keeping the samples sufficiently distinctive. Some extracted samples

are presented in Fig. 4.1.

The autoencoders are trained with a dataset consisting of 27406 only normal

samples. An Adam optimizer is employed with an MSE loss function to train the

network. The batch size is set to 128. Each autoencoder undergoes training for 50

epochs, completing in under 5 minutes on a computer with the following specifications:

• Processor (CPU): Intel(R) Xeon(R) E5-1607 v4 @ 3.10GHz

• Graphics (GPU): NVIDIA GeForce GTX 1080

• Memory (RAM): 32.0 GB
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Chapter 5

Results and Discussion

In this chapter, a detailed presentation of the results is provided for both proposed

approaches in defect detection for AFP. The findings are presented in a step-by-step

manner, showcasing the outcomes and achievements of the implemented methodolo-

gies.

5.1 Image Preprocessing

In Figure 5.1 the impact of median filters on the image is demonstrated. Using a

large median filter (N = 6) results in losing important features like the edges of the

tows. Whereas, choosing an average median filter (N = 3) reduces salt and pepper

noise while preserving the edges of the tows.

5.2 Gap and Overlap Segmentation

Figure 5.2 shows how a canny edge detector extracts the edges on the image. By

increasing the value standard deviation (σ) for the Gaussian filter, more clear repre-

sentation of tow edges is extracted but some edges are missed.
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Original image Madian Filter, N = 3 Madian Filter, N = 6

Figure 5.1: Applying median filters with different window sizes

Original image Canny filter, = 1.2 Canny filter, = 2.4

Figure 5.2: Canny edge detection with different Gaussian filter sizes

To filter out unwanted edges, a morphological opening operator is used that only

preserves the horizontal edges. The detected edges before and after applying the

morphological operation are demonstrated in Figure 5.3.

Figure 5.4 illustrates the result of tow edge classification. The Sobel operator

generates the horizontal gradient of the image. Green and red colors represent positive

and negative gradient values. Also, The pixel brightness on the gradient image shows

the normalized magnitude of the gradient. The gradient values are positive for the

lower edges of the tows and negative for the upper edges of the tows. Considering

the sign of the horizontal gradient, the edges are classified into either upper or lower

edges of the tows which are distinguished by green and red colors, respectively.
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before opening after opening

Figure 5.3: Edge detection before and after opening operation

vertical gradient classified edges

Figure 5.4: Positive and negative components of the horizontal gradient (left) are
used to classify the edges into top and bottom edges of the tows (right).

Figure 5.5 demonstrates the result of edge grouping for the upper tow bound-

aries. The partitioning algorithm uses a customized distance to group the edge pieces

into equivalency classes. Each edge is annotated with the detected equivalency class

number. As expected, the edge pieces in the same tow are grouped into the same

class.

Figure 5.6 illustrates the result of horizontal edge reconstruction. The upper and

lower edges of the tows are interpolated by a cubic spline and annotated on the

original image. The areas between these edges are also annotated as gaps or overlaps.
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Figure 5.5: Grouping Edge Regions. Each region is labeled with the corresponding
group number.

The software was unable to detect part of the edges on the left and right sides of the

tows. This usually happens when the two consecutive tows are perfectly laid close to

each other without any gaps or overlaps. In that case, no gaps or overlaps are missed.

Cubic Spline Interpolation

top edge bottom edge gap overlap

Figure 5.6: Reconstructed horizontal boundaries of tows reveal gaps and overlaps.

A comparison between the segmented image and annotated ground truth is demon-

strated in Figure 5.7. The values of Intersection over Union (IoU) are 0.381, and 0.494
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for the gap and overlap classes, respectively. This is equal to an average IoU of 0.438

for both classes.

Segmented

Annotated

Figure 5.7: A comparison between gap and overlap: predicted segmentation (top)
and annotated ground truth (bottom). Gaps are shown in red and overlaps in green.

5.3 Anomaly Detection

The performance of the anomaly detection and localization system depends on two

factors. First is the number of samples the anomaly detector is correctly classifying

as normal or abnormal. Second is the size and location accuracy of the predicted

defects. This section evaluates these two aspects.

First, the performance of the supervised learning method was evaluated. The

confusion matrix of the test set is shown in 5.8. The model has a high classification
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accuracy on the training set but a low one on the test set. This means that the

model is over-fitted and instead of learning the spatial pattern in the input images,

it memorized the samples in the training set. Consequently, the model is confused

while classifying an unseen sample.

Figure 5.8: Confusion Matrix in Supervised Learning Method

The network structure proposed in Fig. 3.11 is implemented using three different

latent dimensions 2, 16, and 128 for comparison. Each network is trained with a

dataset consisting of only normal samples. The curves in Fig. 5.9 demonstrate the

training losses of each autoencoder trained over 50 epochs. Comparing the training

loss curves shows that the models’ reconstruction ability improves with higher di-

mensional latent space. The curves also show that the models learn relatively quickly

with little improvement in the later epochs.

Reconstruction results for the autoencoders are demonstrated in Fig. 5.10. The

original samples are randomly selected from normal and abnormal classes in the test

set. These results clearly show the improved reconstruction performance with a higher

dimensional latent space. It shows that the autoencoder with a 128-dimensional latent

vector is able to produce good reconstructions for both normal and abnormal samples.
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Figure 5.9: The training MSEs of the three autoencoders are plotted in comparison
over 50 epochs.

The 16-dimensional autoencoder, on the other hand, produces relatively good recon-

structions for normal samples and poorer reconstructions of defect samples. This is

ideal for the classification method to distinguish anomalies. Finally, the autoencoder

with only a 2-dimensional latent space is unable to make good reconstructions for

any of the input samples.

Fig. 5.11 shows comparisons of the reconstruction error. In figure 5.11a the dis-

tributions of Mean Squared Error are shown for the 16-dimensional autoencoder on

the training set and test set. Note that the training set only includes normal samples

whereas the test set contains both normal and abnormal samples, separated accord-

ingly. As the figure suggests, the normal samples have a similar distribution in both

the training and test sets. On the other hand, the abnormal samples have a generally

higher MSE with a slight overlap on normal sample distribution. In an ideal case, if

there were no overlap between these two distributions, a threshold would exist that

serves as a decision boundary to classify the samples into normal and abnormal cate-

gories. With existing overlap, however, an ROC curve can help to select the decision
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Figure 5.10: The resulting reconstructions from the autoencoders with various latent
sizes are compared for both normal and abnormal test samples.

boundary that makes the best trade-off between true and false positive rates. Tak-

ing a closer look at the difference between the three autoencoders, Fig. 5.11b shows

boxplots of the MSE for normal and abnormal samples in the test set, using different

number of latent features. Here it shows how separable the two classes are based

on reconstruction error alone. For the 2-dimensional autoencoder, the interquartile

ranges are separable, but there is a significant overlap when considering the whiskers.

For the 16-dimensional autoencoder, the separation is greatly improved with minimal

overlap between the whiskers. The 128-dimensional autoencoder, however, does not

show significant separation and would be impossible to accurately classify the two

classes based on MSE alone.

Fig. 5.12 shows the ROC curves for each of the three autoencoders. The best

threshold should lead to the lowest false positive rate and highest true positive rate.

Therefore, the points on the curves that are closer to the point (0, 1) are the best
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(b) Comparing Different Latent Sizes

Figure 5.11: Distributions of MSE for different input types and latent sizes are pre-
sented for comparison.

Table 5.1: Test Metrics of Convolutional Autoencoder

Latent Dim. AUC Best Threshold Precision Recall F1-Score
128 0.978 3.86 0.918 0.929 0.923
16 0.999 13.69 0.992 0.976 0.984
2 0.942 42.08 0.922 0.810 0.862

thresholds, which are denoted using stars. These results further demonstrate that

classification performance does not correspond with reconstruction performance, as

the 2D and 128D autoencoders’ ROC curves have worse classification performance

than the 16D model. The best-performing model is the autoencoder with a 16-

dimensional latent space, achieving a high true positive rate with a low false positive

rate.

Classification results of each autoencoder with the selected threshold values found

by the ROC curves are summarised in Table 5.1. The table reports precision, recall,

F1 score, area under the ROC curve (AUC), and selected threshold for each classifier.

Fig. 5.13 shows the effect of the latent vector size on the performance of the

model. Fig. 5.13a suggests that larger latent dimensions will produce lower recon-
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Figure 5.12: ROC curves of the test set are plotted for the three autoencoder classi-
fiers.

struction errors. However, an accurate classification model does not require the lowest

reconstruction error, but a moderate reconstruction that leads to better classification

performance. In Fig. 5.13b the best latent dim is found by calculating the minimum

AUC of the ROC curve while varying the latent dim.
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Figure 5.13: MSE and AUC of ROC are plotted for autoencoder models with latent
dimensions varied from 1 to 128.

Fig. 5.14 shows the classification confusion matrix while using the optimal latent
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size. The off-diagonal values in this matrix are low which shows that most of the

samples from both normal and abnormal classes are classified correctly.
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Figure 5.14: The confusion matrix demonstrates the evaluation of the best model.

Fig. 5.15 illustrates the results of the anomaly detector on a 2D depth map. The

color of each point indicates the normalized MSE for reconstructing a small window

around the point with the anomaly detector. As can be seen, the defective areas have

a large density of points with a higher MSE. This information can be used to detect

these areas while ignoring individual outlier values.

In Fig. 5.16 the process of detecting the defects from the anomaly map is illus-

trated. The elevation in each curve represents the MSE value for one tow (represented

by color in the previous figure). The arrows show the detected blobs after applying the

Derivative of Gaussians method. It is observed that only the areas with an extended

length of high MSE values are detected as blobs.

Fig. 5.17 shows the final output of the anomaly detection approach, comparing

the annotated defect bounding boxes with the predicted bounding boxes. To evaluate

this result, a popular metric in object detection, known as mean Average Precision

(mAP), is used. This metric requires assigning a value of classification confidence
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Figure 5.15: An anomaly map is generated from the MSE of individual cropped
windows.

to the detection. In this study, the confidence score of detection is defined as the

summation of all the MSE values within the region of the corresponding detected

blob. Also, a minimum value for Intersection over Union is needed to consider a

prediction valid. Because, in the context of AFP inspection, the precise location of

the defects is not as important as identifying them, a lenient IoU of 0.5 is employed

as the minimum threshold for a prediction to match a ground truth bounding box.

The network achieves an mAP of 0.85 on the test images. This is sufficient for the

task at hand, especially given that this method only requires a small set of normal

scans.
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Figure 5.16: Anomaly scores are visualized as 1D signals for blob detection.

IoU = 0.693
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Figure 5.17: Predicted bounding boxes are displayed on the original depth map com-
pared to the ground truth bounding boxes. Also, the values of Intersection over Union
are displayed.
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Chapter 6

Conclusions and Future Directions

This thesis tackles the challenges associated with training data for defect detection

tools and presents alternative approaches to address them effectively.

Defect detection plays a vital role in the manufacturing industry. Many automated

defect detection systems rely on end-to-end supervised learning methods, which ne-

cessitate a substantial dataset of labeled defect samples. However, manufacturing

data is often scarce, and obtaining a sufficient number of defective samples is chal-

lenging. Additionally, the annotation of manufacturing defects is a time-consuming

process that is prone to human errors. These difficulties make end-to-end supervised

learning methods inefficient. To overcome the limitations of conventional supervised

learning, this study proposes two practical solutions:

1. Unsupervised Anomaly Detection: This approach eliminates the need for

labeled defect samples and instead relies on a smaller subset of normal samples.

2. Rule-based Computer Vision: This method eliminates the need for training

data or labeling altogether.

By implementing these alternative approaches, the objective is to effectively tackle

the limitations related to training data for defect detection tools. To demonstrate the
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feasibility of these solutions, this work specifically concentrates on the application of

Automated Fiber Placement (AFP). However, it is important to note that similar

approaches can be employed in other visual inspection applications as well. This

highlights the versatility and applicability of the proposed solutions beyond the scope

of AFP.

Proposed Defect Detection Approaches in AFP

Automated Fiber Placement involves the manufacturing of composite fiber parts us-

ing robotics and intelligent systems. This process is susceptible to various types of

defects such as twists, gaps, overlaps, and more. These defects can significantly im-

pact the final product’s quality, necessitating thorough inspection of the composite

parts. Manual human inspection has traditionally been employed for this purpose,

but it is time-consuming, labor-intensive, and prone to human errors. To enhance

the efficiency, accuracy, and reliability of the AFP process, the development of an

automated inspection system capable of defect detection is crucial. Over the past

few decades, numerous inspection tools have been designed for AFP and similar in-

dustries. Many of these tools utilize profilometry technologies like laser scanning,

thermal imaging, and optical sensors to generate visual measurements of the part’s

surface. The data used in this thesis is obtained from a laser scanner that operates

based on Optical Coherence Tomography (OCT) technology.

The proposed solutions accept 3D point cloud scans of the composite part as

input. These scans are then converted into 2D depth map images and preprocessed to

prepare them for the defect detection process. The defect detection system generates

detection results, which are incorporated into the depth map images as annotations.

This enables technicians to easily locate, investigate, and rectify the identified defects.

The first solution introduces a practical and innovative method for anomaly de-
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tection in AFP, offering a way to overcome the challenge of data scarcity by focusing

solely on normal samples and identifying any deviations as potential defect candidates.

This computer vision approach employs the Hough Transform to detect individual

composite tapes (tows) and generates a dataset of sub-images by sliding a window

along the center of each tow. The extracted data is then utilized to train an au-

toencoder specifically designed for anomaly detection. In this proposed method, the

autoencoder is optimized to have an optimal number of latent features that enable

the best differentiation between normal and abnormal samples. To assess its effec-

tiveness, the autoencoder is evaluated in a classification task and achieves a per-class

accuracy of over 97% for both normal and defective samples. Subsequently, the sub-

images are processed to generate an anomaly map of the entire image. To localize

the anomalous regions, this map undergoes further processing using a blob detection

algorithm, resulting in the creation of bounding boxes around the detected anomalies.

The second approach introduces a computer vision algorithm designed to detect

and segment gaps and overlaps, which are the most prevalent defects in Automated

Fiber Placement (AFP). This is done by utilizing classical image processing and

computer vision techniques. The first step is the extraction of the image edges, which

contain essential information about the tows. The algorithm employs morphological

operations to filter the horizontal edges and uses the image gradient to classify them as

either the upper or lower edges of the tows. These edges are then grouped and merged

based on the tow to which they belong. The merged edges are utilized to generate

a spline representation of the tow boundaries. Finally, analyzing the boundaries of

consecutive tows leads to the identification of any potential gaps and overlaps between

them and the segmentation of the pixels associated with these defects. Furthermore,

this thesis conducts an investigation into the impact of various design parameters on

the segmentation tool’s performance. To evaluate its effectiveness, the Intersection
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over Union (IoU) metric is employed, resulting in an average value of 0.438 for the

gap and overlap classes.

Future Work

This thesis showcases the practicality of the proposed defect detection approaches in

AFP. The presented solutions address the need for a large labeled dataset, specifically

including samples of defects. However, there are opportunities for further enhancing

the performance of the inspection system and extending its applicability to broader

domains. Here are some suggestions for future researchers to consider:

1. Given the constraint of limited real data, future work can delve into the ex-

ploration of data engineering techniques, including data augmentation and syn-

thetic data generation. These approaches have the potential to enhance the

quality and expand the quantity of the dataset. This can provide valuable re-

sources for training and further improving the performance of defect detection

systems in scenarios where obtaining large quantities of real data is challenging

or impractical.

2. While the anomaly detector successfully identifies potential defect candidates,

it does not classify the specific types of defects. To address this limitation, the

generated bounding boxes around the detected anomalous areas can be used

to extract training data for developing neural networks or other classification

models capable of accurately categorizing various types of defects. By incorpo-

rating defect classification into the system, a more comprehensive and detailed

analysis of the detected anomalies can be achieved.

3. Building upon the extracted gaps and overlaps, it is possible to develop an

automated system that classifies them as either defects or non-defects. This
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classification can be based on analyzing the shape and size characteristics of

the identified gaps and overlaps. By incorporating such a system, a more com-

prehensive understanding of the severity and nature of these gaps and overlaps

can be attained, allowing for more effective quality control and decision-making

processes.

4. The parts produced in AFP exhibit a tape-by-tape structure. With suitable

adaptations, the approaches utilized in this study can be extended to quality

inspection tasks in other industries that possess a similar structural pattern.

Examples of such industries include welding or gluing, where the inspection of

tape-like structures is relevant. By leveraging the knowledge and methodologies

developed in this research, advancements can be made in defect detection and

quality assurance across a broader range of industries that share this common

structural characteristic.
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Chapter 7

Additional Information

7.1 Preface

Some parts of this thesis on the anomaly detection approach have been published

as a pre-print on ArXiv, titled ”Anomaly Detection in Automated Fibre Placement:

Learning with Data Limitations” [66]. In this publication, I led the research and

contributed to idea formation, programming, algorithm development, visualizations,

and paper writing. Todd Charter, a graduate researcher at UVic, made significant

contributions to the literature review, dataset pre-processing and organization, the

autoencoder design and implementation, and manuscript editing. As the research lead

at LlamaZOO Interactive Inc., Li Ji played an active role throughout the project,

providing industrial insights, contributing to concept formation, and participating

in paper revision. Maxime Rivard from the National Research Council of Canada

(NRC) and Gil Lund from Fives Lund LCC collaborated on sensor data generation,

providing valuable industrial background and proofreading assistance. Homayoun

Najjaran, the supervisor, offered general feedback and supervision during the paper

revision process.
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