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Abstract

Anomaly detection in the industrial sector is an important problem as it is a key component of
quality control systems that minimize the chance to miss a defective product. Most often, the
anomaly detection is done through analysis of the images of the products. Because the products,
or their designs change and quality data is hard to obtain, this problem is approached in an un-
supervised manner.
There are many different anomaly detection approaches, but most of them deal with low dimen-
sional data and do not work well with the images. Other approaches, that can perform well with
images, require intensive parametrization and lack robustness. They fail when ambient brightness
changes or camera gets slightly moved, thus resulting in changes in the images and outcome of
the model. Also, it is important for the model that it is able to point out where the defect in the
image is. In the past decade, deep learning techniques have been proven to work very well with
high-dimensional data like images. We examine deep learning techniques that utilize convolutional
neural networks which can extract meaningful image representations to a lower-dimensional space.
It allows the models to learn the important features of an image, regardless of some small changes
in the input. In the study, we propose several approaches to the anomaly detection problem.
Firstly, we look at the supervised approach with convolutional neural network classifier. Then
we focus on the unsupervised approaches. At first, we extract meaningful image representations
with several feature extractors - not-neural network based KAZE algorithm as a baseline, several
pre-trained convolutional neural networks and an encoder, taken from the autoencoder trained on
the images of products without defects. Then we use these extracted features to train standard
anomaly detection algorithm - one class support vector machine to detect anomalous image fea-
tures. The next approach is to use the trained autoencoder itself for the anomaly detection by
measuring the reconstruction error of an encoded-decoded image, that should be higher for the
anomalous images. The last approach is an anomaly detection with the generative adversarial
networks. The network learns a mapping from the latent space to a representation of a healthy
data and is able to produce new and unseen data samples from random latent vectors. Then,
given a testing image, we try to find a latent variable z from which a network can generate the
most similar image to the one being tested. When such z is found and generated image differs a
lot from the test image - the image is labelled as an anomaly.
The findings show that using these techniques we can build robust anomaly detection models.
However, different approaches have also different drawbacks. The supervised approach requires
lots of labelled training data. One class support vector machines perform poorly with linear kernel
and good with RBF, but we did not succeed in finding a way to examine which features of an
image exactly contribute to the classification, hence there is no defect localization. The autoen-
coder and the generative adversarial networks show good, promising results and provide an easy
way to do the defect localization. The autoencoder approach has been proven to be fast and
reliable, however only for the bigger anomalies. We also argue that training generative adversarial
networks is a very hard and unstable process and even though they do work well for anomaly
detection problem, they might be suited better for a different data sets, that have more deviation
of features among the images.
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Chapter 1

Introduction

Developments in the computing machines and the information sharing infrastructure (aka the in-
ternet), together with various algorithms in the past 70 years have paved the way for a new digital
revolution. It has affected almost every aspect of human lives, but also in multiple industries -
healthcare, manufacturing, transportation, etc. Recent developments in a computational power
and new methods have started new trends in manufacturing, what some people call “Industrial
revolution 4.0” [19]. It is being characterized as having a trend in smart automation [6], intensive
data sharing not only among people, but also between machines themselves (Internet of Things)
and cloud computing.

One of the tasks that is very important manufacturing sector is quality control. It is a process in
which companies that manufacture goods check whether the produced product does match all the
quality requirements. Traditionally, it has been done by human professionals who would do the
visual inspection of a physical goods manually, simply by looking at it. However, humans tend
to get tired or distracted and make mistakes, which can lead to a waste of scrapped materials, as
well as lost production time [21]. It is a very important process in any manufacturing company,
also because the cost of selling a defective product is high and leads to many consequences like
warranty claims, customer disappointment and the loss of sales [26]. But employing knowledge-
able professionals that can perform quality control for every product manually is very resource
exhausting.

The popularity of automating quality control is on the rise [6], as such automation allows this task
to be performed more efficiently and with fewer costs. It reduces the costs of quality control as
less or no inspection employees are needed, while the performance of automated models often is
comparable or even better. Automated visual inspection models do not suffer from human-related
limitations like tiredness and can be employed to work without any breaks. This inspection is most
often done by inspecting the images of a produced product sample which can be good (”healthy”)
or bad (”anomalous”).

Finding the defective samples in images among the pool of ”healthy” images translates to the
problem of finding unusual or anomalous data patterns that do not conform to the expected be-
haviour is defined as the anomaly detection. Anomaly detection does find itself among a very
broad range of domains like fraud detection, insurance, healthcare, cyber security, etc. [8], [18].
Visual inspection of a product in the quality control system is essentially an anomaly detection,
because we want to detect any product that has any deviation from the ”healthy” products, while
defective products are also much rarer than the good ones.

In the context of this project, the quality control is performed on the products that have had a seal-
ant (a plastic / gum “lines” put, so another part of the product could be placed and stick to it). As
no other information is available, the defective samples have to be detected solely from image data.

Visual anomaly detection using deep learning 1



CHAPTER 1. INTRODUCTION

Prodrive Technologies is a company that manufactures various goods and is aiming to become
a fully-automated manufacturer. However, the current approach used in Prodrive’s production
environment lacks robustness and requires a lot of parametrization. It means that the right para-
meters have to be found (for example - distance from the camera to the product) and often they
have to be calibrated, if a camera, for example, shifts. If the parameters are not changed when
the environment changes, the model fails. So a research into the new methods which are not
that sensitive to changes in the images (as long as an important part, the sealant, can be seen)
is desired, to make quality control more robust and automated. So, me together with Prodrive
Technologies, have started this case study on a robust automated visual quality control system.

There is a long history of trying to find unusual or anomalous samples among the corpus of data.
These approaches work well for the low-dimensional data like customer transactions, however,
in the context of image data, they suffer from the curse of dimensionality (problems that occur
working with high-dimensional data, because of the big increase in the dimensions and the volume
of the space. Then data becomes sparse and more data and more training is needed to find a
solution) and thus, are not suited for such a task [1].

So a more suitable approach to analyse images is needed. In recent years deep convolutional neural
networks became a state of the art technique for classification and object detection with high di-
mensional data like images as they work very well with high-dimensional data. These networks
trained on image data are able to learn good representative features at different levels, that can be
extracted from images. For example, in a face recognition task, at lower levels an edges or curves
are detected. Then these features are used in a higher layers to detect features like eyes or nose
and subsequently passed into a higher layers, until a face can be detected.

These features that are extracted from the images can be used in different ways in the context
of this problem. Firstly, we can take a bunch of images that would be labelled into one of two
categories - pass or fail. Then we extract the deep features from these images and use them to
train the model to classify between “pass” and “fail” classes (supervised approach, because we
train on labelled data). Alternatively, we use classical anomaly detection algorithms like one class
SVM 4.3 on these features to detect anomalous samples in an unsupervised way [28]. We also
use more complex generative model approaches, like deep convolutional generative adversarial
networks, that have been shown to perform well in high-dimensional anomaly detection problems
[29], [31], [38].

In the subsequent chapters these approaches together with theoretical background are explained
in more detail. Later, data definition and the experimental setup of this project is described.
After proposed models have been implemented, tested and their results discussed in the Results
chapter (6), the differences between approaches and how do models relate to the requirements are
discussed in the Discussion chapter 7.
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Chapter 2

Problem definition

The problem in the current approach for visual inspection used in Prodrive technologies manu-
facturing lacks robustness and requires extensive parametrization. It means that the model is not
able to automatically adjust to changes in ambient lighting or camera shifts. Moreover, if some
change in camera’s position happens, an operator has to re-calibrate the parameters of the model,
like a distance to the product from the camera or markup of an area where a sealant has to be
put. Moreover, looking at the outputs of the model, one can easily detect many false positives or
false negatives, so it also has fairly low performance in general.

The requirements that are desired for the quality control model are:

1. The model does not require a large amount of labelled data

2. The model can show where the suspected defect is in the image (defect localization)

3. The model is robust with respect to changes in lighting, slight rotations, zoom in / out or
horizontal / vertical shifts (because the camera can slightly move in any direction)

In the case of this project, we assume a large amount is more than 50 original train images (as we
do augment these images later).

Standard anomaly detection techniques work well with the low-dimensional data but are not suited
for the high-dimensional data like images. Deep convolutional neural networks are state-of-the-
art models that can reduce this dimensionality by transforming an image into meaningful feature
representations. Researching how to use such representations to build a robust visual anomaly
detection model is a logical direction that has been followed in this project.

So the research question in this project is:
Can a deep learning based framework be used to build a robust visual anomaly de-
tection model with a limited amount of training data?

To address this research question we need to propose a model that utilizes deep learning tech-
niques, implement it and test with the real data taken from the manufacturing. Then we evaluate
it with respect to the real and artificial (more details in Chapter 3) anomalies. We evaluate it
with the F1 score, which involves precision and recall metrics, and the requirements listed above.
Moreover, we define the limitations of each approach, like the amount of needed data, the time
needed to train the model and any drawbacks that the approach has.

In this project, several models have been proposed, implemented and tested. Firstly, a supervised
approach has been tried with transfer learning. Transfer learning has been used, because there
was not enough data to properly train such a neural network from scratch. In this approach, a

Visual anomaly detection using deep learning 3



CHAPTER 2. PROBLEM DEFINITION

model learns to classify between ”pass” (”healthy”) and ”fail” (”anomalous”) classes. Then, two
unsupervised approaches (more details in section 5.3) were proposed. First is to use traditional
machine learning classification algorithm support vector machine (explained in the section 4.3)
in an unsupervised one-class manner. As explained in section 4.3.2, we transform a multi-class
classification problem into a one-class novelty detection problem. This algorithm was used on the
features extracted from the images. These features have much fewer dimensions compared to a full
image where an image has n×m dimensions, where n = width and m = height of the image, so the
problem becomes lower-dimensional. These features were extracted with pre-trained convolutional
neural networks that are publicly available or autoencoders that we train ourselves, but also using
a simple feature extraction algorithm KAZE, to demonstrate differences in the performance of the
algorithm between features extracted with the KAZE algorithm and those features that are ex-
tracted using deep learning methods. Another approach proposed uses autoencoder (section 5.3.1)
trained on the positive samples. It learns to encode and decode ”healthy” images. The model
trained in such a way can reconstruct ”healthy” images with small reconstruction error, whereas
this error for anomalous images is higher. The last model proposed uses generative adversarial
networks that learn to generate new, unseen, but ”healthy” samples. Then this trained network
is used to build an anomaly detection model. These approaches are explained more in detail in
the Approaches chapter (5).

In the next chapter (3) we will define the data with which we have done the experiments and
the type of augmentations of the data that have been performed. Then we describe the relevant
theoretical background in the chapter 4 and the approaches in the chapter 5 which show how do
we try to solve the problem of this project. After that, we present the results of each approach
in the chapter 6. In the following chapter (7), a discussion and a comparison of these results is
presented. Finally, in the last chapter (8) we write the future work that can be done to further
research the problem.

4 Visual anomaly detection using deep learning



Chapter 3

Data definition

3.1 Raw data

Datasets consist of an images of a product that had a sealant put by a robot in the manufactur-
ing process. The images are mostly big and differ in sizes among clusters (for example 864x628,
928x1320, 5120x3840 pixels in width and height). During the experiments, they have been downs-
ized to a more computationally friendly size - 512x512 px (or less, for faster evaluation). The
results reported are for the experiments conducted with the images of size 512x512 px.
The images have been made by the cameras placed in the manufacturing facility at a different
assembly lines.

(a) Good (b) Defect

Figure 3.1: Examples of good (a) and defective (b) images

3.2 Datasets

In total there were 9 datasets that can be clustered into 3 clusters - A, B, and C. The main
difference between the datasets is that each of them consists of images of a different products.
Datasets in the cluster A differ from datasets in the clusters B and C in a way that cluster A
datasets have been collected from the outputs of the current visual inspection models. It means
that there are a lot of labelled images, however, in many cases these labels are incorrect. This
has been observed by doing an empirical analysis of the datasets by looking at the labels and the
images, where many cases of incorrect labels could be easily identified.
Cluster B datasets (except the dataset labelled as B1 - see table 3.1) are correctly labelled by a
professional, but do not have many images (B1 has a bit more than others in cluster B).

Visual anomaly detection using deep learning 5



CHAPTER 3. DATA DEFINITION

Dataset Training Testing Example image

A1 Pass: 1609; Fail: 629 Pass: 400; Fail: 196

A2 Pass: 3760; Fail: 16312 Pass: 930; Fail: 4089

B1 Pass: 501; Fail: 0 Pass: 43; Fail: 93

B2 Pass: 72; Fail: 0 Pass: 7; Fail: 0

B3-1 Pass: 54; Fail: 0 Pass: 3; Fail: 3

B3-2 Pass: 54; Fail: 0 Pass: 3; Fail: 3

B4 Pass: 75; Fail: 0 Pass: 18; Fail: 58

C1 Pass: 61; Fail: 51 Pass: 13; Fail: 70 [No-image]

C2 Pass: 26; Fail: 48 Pass: 5; Fail: 9 [No-image]

Table 3.1: Dataset definitions
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It is important to note, that the labelling in the dataset B1 has been done by a person who is
not a professional, so the dataset is a bit noisy (in the sense that some manual labelling of images
with minuscule or ambiguous defects is often not done correctly). The defects in the images of
this dataset are often very minor and hardly distinguishable even for a (non-professional) human.
Cluster C consists of two datasets that are from a different manufacturing machine and has a low
number of images (but correctly labelled).

3.3 Artificial anomalies

For the datasets A1 and B4, there was a lack of anomalous images among the data, so some defect-
ive sample images were created. These anomalous samples have defects that have been introduced
artificially, by taking a good (non-anomalous) image and in-painting some random black lines or
making the sealant wider / shorter, thicker / thinner. This also allows to test the robustness of the
different models to a different types of defects, ones that are not present in the current datasets
of the products, but still might occur in the future. Creation of artificial anomalies in the healthy
images has been done with a simple image editing tool “Paint”. Example of such images can be
found below in the Figure 3.2 with the artificial defect place circled in red:

(a) (b) (c)

(d) (e) (f)

Figure 3.2: Examples of artificially created anomalous images

As we see, expected defects involve some path discrepancies while the sealant is being put (example
a), having too much sealant put at some place (examples b, d, f), or not enough - having some
skips of the sealant or having too thin sealant (examples c, e). This has been done for datasets A1
and B4 (as these two datasets are inter-related, the only difference that A1 is big and unlabelled
while B4 is smaller and labelled by a professional).
Dataset B4 has been the main dataset that was used in the most of the experiments, while other
datasets have been used after already achieving a concrete approach and good results with B4
dataset. Mainly to check how well that approach and / or parameters work on another dataset
with real anomalies (not artificially created and labelled by a professional). This choice has been
based on the fact that this dataset has been properly labelled (we have several hundred ”healthy”
samples and we are sure that they are ”healthy”). Moreover, the dataset contains images of the
same product but with different brightness and positional shift changes. That is why this dataset
can be considered representative as it easily can be tested for robustness using the real data.
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3.4 Data augmentation

During all of the experiments, the augmented data has been used. By using data augmentation,
we can greatly increase the size of our training samples covering more and different situations.
We make our models more robust by creating much more training data with different parameters
and use it to train our models. Some augmentation, like brightness change or moving horizontally
or vertically is very important in our problem setting, as we want the model to be robust to the
lighting and movement (of a camera) changes. In this way, we generate brighter / darker samples
or samples that are shifted / rotated, etc., so our models also learn much wider healthy data
representation in the unsupervised approaches.

The concrete values and ranges that should be used for augmentation should be decided for each
dataset separately and depend on the images themselves. In general, we would like to have higher
values, but not too high, so that, for example, in all horizontally or vertically shifted images we
would still have 100% of the sealant seen. Otherwise, the model might learn that partially put
sealant is good.

Augmentation itself is done in this way: for each image x ∈ Xtrain, we randomly select one of the
augmentation parameters (independently - meaning that no parameter or all parameters can be
selected for each augmentation) and randomly select its value and apply the transformation for
an image x. We repeat this process n times. After the augmentation, the dataset size becomes
n × len(Xtrain), where n is a number of augmentation iterations and len(Xtrain) is a number of
training images in the training dataset Xtrain.

Parameters that have been used in this project setting for augmenting images are shown in the
table 3.2 below:

Action Values Explanation

Rotation 5◦ Max. rotation in deg (degrees)

Width shift 5% Max. percentage of width to shift horizontally

Height shift 5% Max. percentage of height to shift vertically

Zooming 5% Max. percentage to zoom in or out the image

Brightness [0.5, 2] Range of values to apply brightness change. Value 1 is baseline (current
brightness). Values v > 1 make image brighter, while lower values
v < 1 reduce brightness (makes them darker).

Table 3.2: Augmentation parameters

As we can see from the example augmented images in the Figure 3.3, they are slightly rotated
and shifted. The empty space that appears if we rotate or shift an image is filled by taking the
nearest ”true” image’s pixel value and using that for the new pixels.
The differences in different augmented images are illustrated in (b) and (c) of Figure 3.3. Here
images are rotated in a different directions and have a different brightness setting set. So by
having only the darker images, we produce many brighter ones (and vice versa) to increase the
robustness of the models.
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(a) Dataset B1

(b) Dataset B4

(c) Dataset B4

Figure 3.3: Examples of augmented images

3.5 Data preprocessing

Training machine learning models sometimes take a lot of time and computational resources, es-
pecially when training on high-dimensional data like images. To support faster and easier training
some data augmentation has been done prior to the training. Then, the data before being used in
the models is rescaled. For algorithms it is harder to constantly “work with” colour values that
can take value in the range of 0 to 255, than with smaller values, for example, in the range -1 to
1.

The pixel values have been rescaled using a custom function to either the range (0, 1) or (-1, 1),
depending on the loss function used in the model.
Pre-trained models that have been used, do provide their own preprocessing function that actually
rescales all the values to the range (-1, 1).
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Chapter 4

Theory background

4.1 Transfer learning

The idea behind transfer learning is that we can train a neural network model on some task and
then, later reuse the learned weights of the model (or parts of it) for a related, but different
task. In the object recognition tasks, these models learn to detect objects, but the classification
and / or detection is done on the features extracted through convolutional layers. These features
are general, especially on the lower level convolutional layers. Training these layers require a
lot of data and the pre-trained models that are available are actually trained on big datasets.
The learned weights of the network convolutional layers that can extract good features from an
image can be reused in other tasks, as many (especially lower level) features like edges and curves
are rather general among many different image tasks. This has been explored and discussed by
Yosinski et. al. [37]. The whole process of the transfer learning is illustrated in the Figure 4.1.
Common practice in the transfer learning is to freeze some transferred layers. That means that
the layer weights are not changed anymore during the training process, in a way that we do not
allow back-propagation on these layers. This is most effective when the features learned are very
similar and relevant across domains. Often transferred layers are frozen to speed up the training
process as it reduces the number, of computations to compute new weights. Usually, convolutional
layers would be frozen, to train only the fully-connected layers that have been attached on top
of the pre-trained model. However, in many situations, relevant features are only partly related
across different problems and are more similar in the first convolutional layers than the latter ones.
Sometimes no layers at all are frozen, in such a way allowing the network to fine-tune the already
pre-loaded weights to adapt more to the new problem / domain.
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Input A 
(imagenet) 

Input B 
(our dataset) 

Task A 
(predict

imagenet
classes) 

Transfer
learning

Convolution blocks

Fully
connected

layers Prediction

Reused convolution blocks

Task B 
(binary

classification) 

Newly added
fully

connected
layers

Prediction in
different task

Backpropagation

2 neurons +  
softmax 

256 neurons + 
Dropout 

Figure 4.1: Transfer learning - Upper part shows a possible architecture of a neural network that
is trained on Task A with input A. The part below in the figure (separated by a dashed line),
shows the architecture of the neural network used for our task B. Note that the convolution blocks
are reused, while the other layers are changed.

4.2 Feature extractors

A feature of a data point is defined as being a piece of information that is relevant for solving
some computational task for a certain application. A feature of an image can be a numerical
structure that represents points, edges, objects or areas. The numerical values of a feature describe
properties of an object that it describes. Here I present the theoretical background behind the
models or algorithms that have been used to extract such features from the images to be used
later for anomaly detection.

4.2.1 Autoencoders

Autoencoders are a type of neural networks that learn to encode data to efficient representations
and then reconstruct the original data from such encoded representations. The goal is to learn the
weights of such encode-decode pipeline (see Fig. 4.2) so that the reconstruction of the encoded
image has a very small loss. Moreover, this training is done in an unsupervised manner. Typically
autoencoders are used for dimensionality reduction (feature encoding or extraction), but recently
have also been used in generative models [22].
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Figure 4.2: The autoencoder consists of the encoder and the decoder neural networks that are
connected to each other. The encoder takes data as an input (for example an image) and learns
to encode it to an efficient data representation. Then the decoder network learns to reconstruct
the image from that data representation. The image has been taken from [12]

4.2.2 KAZE algorithm

KAZE is a relatively fast (one of the most efficient among free image feature detectors as shown
in comparative analysis in [33]), free and novel feature detection and extraction algorithm [5].
The algorithm works by finding points of interest in an image that are repeatable and then for
each of those detected features it calculates a distinctive descriptive vector that can be matched
and compared efficiently between the two images [3]. Novelty of a KAZE algorithm comes from
the fact that both feature detector and descriptor work in a non-linear scale space as compared
with other algorithms like SIFT or SURF that use linear (Gaussian) kernel function. Scale space
L(x; y; t) is a signal representation to handle image structures at a different scales and is used in
computer vision, image processing and signal processing. It consists of several images smoothed at
a different (n) scales t0..n that are calculated from the same image. An image at the scale t0 = 0
looks like an original image. The next scale space representation at scale t = 1 is a product of a
kernel function k(x; y; t) and a convolution f(x; y). Note that convolution is performed only on
variables x, y and parameter t only defines the scale level. So the scale space becomes a collection
of the same image transformed into a different scales. The higher the scale t, the more blurry and
smoothed an image looks. (see Figure 4.3) It allows to construct image feature descriptors on a
different object abstraction levels, hence making the whole collection of such descriptions more
rich and informative. For example, looking at the image consisting of several trees, the algorithm
would calculate many descriptors of the leaves for both trees. Then, at the higher scales, the
leaves would get blurred (smoothed), so that the descriptors calculated at this scale would be of
the trees themselves, rather than their leaves.
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Figure 4.3: Scale-space representation at levels t = 0, 2, 8, 32, 128 and 512 with gray blobs showing
local minima. The image has been taken from [25]

4.3 Support vector machines

Support vector machines (SVM’s) are a supervised learning models that are defined by an optimal
hyperplane that separates data into different classes. For example, in a two dimensional space, this
hyperplane would be a line separating a plane into the two parts, each for either of the two classes.

SVM’s can create a decision boundary through a function φ or a non-linear boundary with a
non-linear function φnl (kernel function) by projecting data to a feature space that can have linear
relationships among the features. So when data can not be separated by a straight line, they
are ”lifted” from their original space (lower dimensional) I to a feature space ”F” (higher dimen-
sional), where there is a higher change that such a straight hyperplane would exist, as shown in
the Figure 4.4. This feature space F can be of an unlimited dimension and hyperplane separating
points can be very complex, and that what gives SVM’s such a great power. The hyperplane
is defined by the formula wTx + b = 0, where w ∈ F and b ∈ R. Constructed hyperplane
determines the margin between the classes, which has equal distance from the closest data point
from both classes. That means, that the hyperplane maximizes the margin between the two classes.

The objective function for a SVM classifier is:

min
w,b,ξi

||w||2

2
+ C

n∑
i=1

ξi (4.1)

With constraints: {
yi(wTx+ w0) ≥ 1− ξi,∀i = 1, ..., n

ξi ≥ 0,∀i = 1, ..., n
(4.2)

Here the parameter C determines the trade-off between maximising the margin and how many
data points lie within that margin, while the error (slack) variable ξi (that can take any positive
number) allows some data points to lie within that margin.
Solving the SVM’s minimization problem (as defined in 4.1) using the Lagrange multipliers, the
decision function becomes:

f(x) = sign(

n∑
i=1

αiyiK(x, xi) + b) (4.3)

Where αi are Lagrange multipliers, that are weighted in the decision function; x is a data point;
K(x, xi) is a kernel function that is more described in the following section 4.3.1.

Visual anomaly detection using deep learning 13



CHAPTER 4. THEORY BACKGROUND

Lower dimension Higher dimension

Kernel
function

Figure 4.4: Mapping data to a higher dimension with the SVM’s kernel

4.3.1 Kernel function

Popular choices for the kernel functions include linear, polynomial, sigmoidal or RBF (Radial Base
Function). Gaussian RBF is the most popular kernel function used in SVM’s and is defined by an
equation:

K(x, x‘) = exp(−||x− x
‘||2

2σ2
) (4.4)

Where σ ∈ R is a parameter of the RBF kernel.

4.3.2 One class support vector machines

In 1999 Schölkopf et al. [32] has published a work where the method of transforming multi-class
SVM to a one-class novelty detection model is proposed. It learns a binary decision function that
captures all of the regions of the features in an input space, thus capturing and encompassing the
density of the data. After projection into a feature space, a decision function is found (hyperplane)
(see Fig. 4.5). Then the function returns 1 for data points that lie within a learned region (of
training data) and -1 for data points lying outside the learned decision function.

Input space

φ

Support
vectors

Feature space

Projection to
feature space Hyperplane

Figure 4.5: One class support vector machine

The minimization function is slightly different from the multi-class one:

min
w,ξi,ρ

1

2
||w||2 +

1

νn

n∑
i=1

ξi − ρ (4.5)
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Previously, parameter C decided decision boundary smoothness, whereas here a parameter ν
performs similar job:

1. It sets an upper bound on the fraction of data points that lie outside decision function
(errors)

2. It is a lower bound on the fraction of the support vectors (number of training examples used
as a Support Vector)

This method is widely used as an anomaly detection algorithm in many contexts like fraud de-
tection or defect diagnosis. It is an effective unsupervised method to detect anomalies (as it has
been shown in [32] to outperform state of the art).

We focus on the OCSVM as it is considered to be a novelty detection algorithm, in comparison with
Isolation Forest, local outlier factor, etc., that are outlier detection algorithms. The difference here
is that in outlier detection algorithms, the training is done in a completely unsupervised manner,
which means that we do expect some percentage of outliers to be in the training dataset.

4.4 Batch normalization

Batch normalization has been introduced in 2015 by S.Ioffe and C. Szegedy [20]. It is a technique
to increase performance and stability of the artificial neural networks. It achieves that by taking
the outputs of previous activation layer and normalizes it by subtracting the batch mean and
dividing that by the batch standard deviation. Then the output of a batch normalization layer
has zero mean/unit variance.

4.5 Generative adversarial networks

Goodfellow et al. in 2014 [16] have introduced a new generative unsupervised learning neural
network. GAN’s are specifically trained to learn a mapping G: z → X to data distribution Preal
on which they are trained, so that the network models and approximates the distribution Pmodel
and is able to produce new data points that fall in the data distribution Pmodel.

Generative adversarial networks is a probabilistic generative model that consists of two neural
networks, a generator and a discriminator which compete with each other in a min-max game.
The discriminator takes a data point X ← Xreal ∨Xfake as an input and predicts whether this
data is real (coming from training data) or generated by a generator (G(z)), where G(z) has a label
0 and X has a label 1. Generator G, in turn, takes random noise vector z from some predefined
latent space z ⊂ Z as an input, generates a synthetic data point G(z) such that the discriminator
would label it as coming from the real data distribution Preal. The high level overview is illus-
trated in the Figure 4.6. Because these two networks are connected, during the training both are
improving in their tasks through back-propagation. The generator becomes better at producing
synthetic data in a way that the discriminator gets fooled into predicting it as real, while the
discriminator gets better at distinguishing real from synthetic data.

During the training, a generator and a discriminator play the min max game with a value function
V (G,D), which is an objective of the GAN, as formulated in [16]:

Min
G

Max
D
{V (G,D) = Ex∼p[log(D(x))] + Ez∼pz [log(1−D(G(x)))]} (4.6)
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Figure 4.6: The overview of the generative adversarial networks

4.5.1 Deep convolutional generative adversarial networks

There are many different applications for such networks, but the most popular one is to train
generative adversarial networks to produce images. In 2015 [29] DCGAN has been introduced,
which is a generative adversarial network that utilizes deep convolutional layer architectures as in
CNN’s (Firstly introduced by Y. Lecun et al. [24]) to produce much more realistic and meaningful
images as generator learns deep features from data distribution Preal, rather than utilizing just
plain pixels. So, for example, a successfully trained DCGAN on the data containing images of
different dogs, learns mapping G : z → X where z is latent noise variable and X is an image of
a dog. Then, we can explore latent space Z and select other vectors zi, such that zi ⊂ Z. Then,
by using the generator part of the network, generate outputs G(zi) → X, where X is an image
generated utilizing the learned deep features. If the training was successful then X is an image
of a dog, that has not been seen during the training. The discriminator then is able to return a
probability of whether given image X belongs to the training data manifold Preal.

As presented in [29], the noise vector z is connected to the dense layer which has n number of neur-
ons, followed by a reshaping layer that reshapes input into the form suitable for the convolutional
layers. Then a fractionally-strided (convolutional layer with parameter strides = 2) convolutional
layers are added, each of which reduces feature space and increases the first two dimensions (size
of an image), until a desired size of an image is obtained. Normally it would be the size of the
real images that are used for training. While designing an architecture of a generator one has
to consider how many n neurons a dense layer should have and how many convolutional blocks
containing the fractionally-strided convolutional layers (which are also referred as transpose con-
volutions or deconvolutions) to put.

It is also recommended to use the batch normalization (section 4.4) after each convolutional layer
[36], because in many cases it improves the training stability and can help to address problems
like mode collapse and checkerboard effect. This technique achieves it by reducing covariance shift
by normalizing the output of the previous activation function.

In the original DCGAN paper [29] some recommendations are given for building deep convolutional
generative adversarial networks:

1. Instead of using pooling layers, use strided convolutions for the discriminator and fractional-
strided convolutions for the generator

2. Use batch normalization in both the generator and the discriminator

3. Avoid fully-connected layers, except the first one in a generator, which is used to shape noise
input z into a form suitable for convolutions

4. Use ReLU in the generator (except the last layer which uses tanh), and use LeakyReLU with
slope=0.2 for the discriminator.
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4.5.2 Evaluation of generative models

The evaluation and comparison of generative models is an active research area and no universal
approach exists. As the objective function of GAN’s is a binary cross-entropy, the default measure
is the likelihood [15]. The key idea is to have a function that would correlate with the quality
of the generated images. The approach defines the likelihood function based on the estimation
of the distribution of the real images embeddings in the discriminator. Then this function can
measure the likelihood that an image belongs to the learned data distribution Pdata based on the
embeddings of the discriminator. Nevertheless, models can have a good likelihood but suffer from
the problems like mode collapse (section 4.5.4) or checkerboard effects (section 4.5.7).

But there are some other approaches to it. For example, in the work of [30] they did perform an
experiment with the human annotators, so that they would look at generated and real images and
try to distinguish them. But the downside was that human annotators are likely to make mistakes
when they get tired or unmotivated. Moreover, this approach also becomes more difficult for the
humans if the images contain fuzzy or very ambiguous objects or patterns.

An alternative presented in [30] is to use the Inception score. This score is obtained by using
the pre-trained Inception neural network model on the generated images to obtain a conditional
label distribution p(y|G(z)). If the image has meaningful objects in it (such that Inception model
is more confident about what it detects in it), this label distribution p(y|G(z)) should have low
entropy (so small uncertainty). In addition to the images having meaningful objects, we also want
to have a diversity among generated images. That means that among different generated samples,
the label distribution has to have high entropy. By combining these two criteria, researchers in
[30] introduce a metric that is:

exp(ExKL(p(y|x)||p(y))) (4.7)

In this metric they use the Kullback-Leibler divergence to measure the distance between these two
label probability distributions to know how well these two criteria of diversity and label certainty
are met. In their work, they state that using this metric the results resembled the results of the
quality assessment experiment with human annotators.

4.5.3 Instability of training GAN’s

Training of GAN’s is a hard and unstable process with no formal approach on how to solve this
problem. There are many reasons behind this, most prominent being that the generator and the
discriminator are being trained separately without unified loss function and either of them can get
trained too much in contrast with the other. Another reason is the lack of proper evaluation metric.
Because the actual loss does not provide us with much knowledge about how good the network is
performing. For example, low loss of a generator can mean both, that the generator is good or
that discriminator is bad which results in a bad generator training while it fools the discriminator
with bad images. Moreover, there is no way to know when exactly to stop learning procedure
or compare different models. However, there are several techniques collected and presented in [9]
that can help to stabilize the training:

1. Normalize the inputs between -1 and 1

2. Modified loss function. Use −Ez∼pz [log(D(G(x)))] instead of Ez∼pz [log(1−D(G(x)))] in the
second term of the equation 4.6.

3. Sample a noise vector z from the normal, rather than uniform distribution [35].

4. Train the discriminator in separate batches of a real and synthetic data.

5. Stop training the discriminator or the generator if their loss becomes too small
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6. Add some noise to the inputs of the discriminator and / or add Gaussian noise to the layers
of the generator.

7. Use dropout (50%) in the generator.

8. Use Adam as an optimizer

4.5.4 Mode collapse

Mode collapse is an effect when for any given noise vector from latent space z the generator
produces the same or almost the same output. This happens because generator learns to produce
one output that always fools the discriminator. Partial mode collapse is when the output is
different but only by a very small deviation. Usually, we would want to have outputs as diverse as
possible. However, it is often observed that sometimes there is a trade-off between image diversity
and quality. One technique that has been proposed in [30] is to add label smoothing. That means,
that instead of using the labels l = {0, 1}, use, for example, new labels ln = {0.1, 0.9}.

4.5.5 WGAN

WGAN stands for Wasserstein generative adversarial network, that is a type of GAN introduced
in the paper written in 2017 by M. Arjovsky et al. [4] that tackled the problem of stability of
training and interpretability of the loss function. Moreover, it has been observed, that WGAN’s
are very prone to the mode collapse.
In GAN’s, the objective is essentially to learn the distribution of the data Pdata by minimizing
f-divergence (the distance between two distributions = Pmodel and Pdata) over region D. This
convergence in classical GAN is interpreted as minimizing Jensen Shannon (JS) or KL divergence
in the min max game. In the paper [4] authors argue about the drawbacks of such metrics and
propose to use Earths Mover’s/1-Wasserstein distance as an alternative. This distance metric
in a physical world metaphor could be formulated as finding how much work has to be done
to transport one distribution to another one which is amount (mass) multiplied by the distance
moved. In other words, it tries to find the smallest / simplest way to transport from one pile to
another (learned distribution Pmodel to the real distribution Pdata). In the paper authors have
demonstrated that there are cases of distributions where KL or JS divergence do not find a solution
while EM distance does.
Major differences in the architecture of the gan are as follows:

1. The discriminator output is no longer sigmoid and does not represent the probability

2. The discriminator loss is the difference between the generated and real samples

3. The discriminator is trained n−times more than the generator (the paper suggests n = 5)

4. Weight clipping: Enforcing 1-Lipschitz in the discriminator weights to make them small
values centered around zero

The paper has proved that using Earth’s mover’s distance for the divergence of the two distri-
butions is a very strong candidate. However, there are some problems, like that weight clipping
makes the weights to be pushed in one direction and clipping them sometimes introduces loops.
This problem has been addressed in [17] by introducing an improved WGAN.

4.5.6 WGAN-GP

Wasserstein generative adversarial network with the gradient penalty [17] (in other words - im-
proved WGAN) addresses the problem of weight clipping in the discriminator by removing weight
clipping and introduces the gradient penalty as an alternative. It penalizes the gradient of the
discriminator with respect to the input instead of clipping the weights. The total loss function
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of an improved GAN is: Ltotal = Lreal + Lfake + LGP . As explained in [17], gradient penaliz-
ation happens by itself, because it is included in the general loss function. That is why authors
encourage not to use batch normalization.

4.5.7 Checkerboard effect

The task of the generator is to generate an image and it does it by using the layers that perform
upscaling task and is referred usually as ”deconvolution” or transposed convolution layer. Often
these generated images come out with artefacts that resemble the checkerboard pattern (a repet-
itive grid of squares). Such an effect is undesired as it lowers the quality of an image. This effect
happens among different types of neural networks that do increase the resolution of an image in
their architecture. This effect was researched in [2] and few approaches are suggested to deal with
this effect:

1. In the transposed convolution layer use a kernel size that is divisible by the stride, because
otherwise, a number of lower features that contribute to higher level features is not constant.
That means that some upscaled pixels receive more attention than others.

2. Separate upsampling and convolution of features into two layers. That means, for example,
firstly to resize the image (using nearest-neighbour interpolation or bilinear interpolation)
and then convolute the features.

(a) Image with checkerboard effect (b) Image without checkerboard effect

Figure 4.7: Figure illustrating checkerboard effect [27]
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Approaches

In this chapter we describe the approaches to the research problem of this project. We start by
describing the current approach used in the company ”Prodrive technologies” and what draw-
backs it has. Then we introduce a supervised classification approach. After that, we will explore
approaches that work in an unsupervised manner. Firstly we will see anomaly detection technique
using autoencoder. Then we look at how we can extract meaningful image features and use them
with OCSVM. Lastly, we introduce an approach that uses GAN’s and its modified version - an
improved Wasserstein GAN.

5.1 Current approach

The blueish/white paste is the sealant and it must be put on the product according to some
design in CAD. Currently, the sealant inspection algorithm takes a sample (the golden sample)
and compares all subsequent images according to the sealant it detected in the golden sample.
There are several problems with this approach. Firstly, it requires a lot of knowledge in the
selection of the parameters to do the segmentation and to find the sealant on the product, which
means the operators often have to correct the sealant inspection. Furthermore, this is not always
done correctly, as employees that set up the parameters sometimes make errors in setting these
parameters. Next, the inspection algorithm is not robust to light changes or if the product gets
slightly shifted in the images. Lastly, using a golden sample is not a good way of checking if the
product is similar to the design, the CAD data should be leading in deciding whether the sealant
is correct or not, because the golden sample does not cover all the variability within distribution
what is considered “good” samples.

5.2 Supervised convolutional neural network approach

The most straightforward deep learning technique is to train a convolutional neural network clas-
sifier on a dataset containing labelled pass / fail images. Such a network should consist of several
convolutional blocks, where one block consists of a convolutional layer followed by an activation
function and a maximum pooling layer. Alternatives, such as Average pooling layer are possible,
however, in the experiments that have been performed, average pooling proved to be worse than
maximum pooling.
An example of such network architecture (and the one that I have tried in the experiments) is:

For the last dense layer, there are two options for an activation function - ’softmax’ with two
output neurons, which assigns probabilities for the each class that add up to 1. Or ’sigmoid’ with
the one output neuron.
However, such a neural network has to learn the important visual features and that requires a very
big amount of training data, which is not available in this project context. To solve this issue,
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Figure 5.1: Simple convolutional neural network

a transfer learning approach offers a method to reuse publicly available pre-trained convolutional
neural network weights. In the next section the transfer learning approach is explained.
In the experiments, few pre-trained networks that are available in the Keras repository have
been used. Particularly - VGG16, InceptionNetV3 and Xception. They have been trained with
‘imagenet’ dataset and loaded without their top fully-connected layers (as those are trained to
classify the 10 classes in ‘imagenet’ dataset). That means that only the weights of the convolutional
part have been used. On top of this backbone of the convolutional feature extraction layers, some
new custom layers were added on top. These layers were:

1. Flattening layer
It flattens the output from previous convolutional layers so that we can connect it to a fully
connected layer

2. Fully connected layer with 256 neurons
We add this hidden dense layer so that a network could learn how to make a decision
(classification) from the features extracted by the convolutional layers

3. Dropout layer
We add the dropout layer to prevent over-fitting

4. Fully connected layer with 2 neurons (with softmax activation function)
Output layer to make a prediction

The optimizer function used in supervised learning experiments was SGD (stochastic gradient
descent) with a small learning rate of 0.00001 and momentum - 0.9, based on the observations and
the recommendations from various tutorials and research papers.

5.3 Unsupervised learning

One of the problems in this project context is that in the casual scenario there is a very limited
amount of an unlabelled data, so the supervised classification approaches do not fit in this context
as they do require enough labelled data to be trained. However, it is relatively easy for operators
to collect a small amount (20 - 50) of positive samples for a training data. So the approaches
further this section are essentially a special case of unsupervised learning, because during the
training process only the one-sided label (positive class) is known.

5.3.1 Anomaly detection with autoencoder

In the experiments an autoencoder with following architecture was used (see Figure 5.2):

Important note: The convolutional layer in the encoder part has strides = 2, while convolutional
layers in decoder part have strides = 1, as it has Upsampling layer to increase the size of the first
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Figure 5.2: Autoencoder

two dimensions (height and width) while convolution reduces the the third dimension of features.
Model is compiled with loss function of “Mean Absolute Error” and optimizer Adam with learning
rate 0.001, based on the observations and the recommendations from various tutorials and research
papers.

In the context of anomaly detection, autoencoders can be used solely or in hybrid models. In
this project, it has been used both as a feature extractor (for OCSVM) and as encoder-decoder
network for anomaly detection by itself. First and a very simple idea is to train autoencoder on
good samples of images, so it learns a good representation of such images. Then, after the training
is done, we can use this autoencoder to encode / decode good or anomalous images. The idea is
that the reconstruction error of the anomalous images should be higher than of the images similar
to the ones on which the autoencoder has been trained on. The reconstruction loss is calculated
as a L2-norm (or mean squared error) as authors P. Vincent et. al have chosen in their successful
work about denoising autoencoders [34]. It is defined by the formula 5.1:

1

n

n∑
i=1

(xt − x̂t)2 (5.1)

Where xt−x̂t denotes the difference (error) between two pixels, and n denotes the number of pixels.

In the hybrid approach (section 4.3.2) the autoencoders are trained in a similar manner, but only
the encoder part is used as a feature extractor and then the classification or anomaly detection
algorithms, like OCSVM are used are used.

5.3.2 Anomaly detection with OCSVM

In high-dimensional problems like visual inspection, features extracted from a positive class samples
with deep convolutional neural networks (for example, the output of an encoder part in the au-
toencoder scenario) are used to train OCSVM. Then, during testing, the same feature extractor
is used to get features of a test sample (as shown in Figure 5.3). If this item is anomalous, its
features should differ to some extent from the features of the positive samples that have been used
to train OCSVM and the model will classify this item as an anomaly, because the projection of
those features should fall outside the hyperplane decision boundary.

In the experiments, we compare the OCSVMs trained with the features extracted from different
feature extractors. These include a traditional KAZE feature extraction algorithm, the encoder
part of the deep convolutional autoencoder and several pretrained neural networks on imagenet
dataset. Additionally, for dataset B4, I have also included the features extracted using the discrim-
inator from the training of GAN’s. KAZE algorithm was used with the 2048 features extracted
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Figure 5.3: Training and testing flow of the OCSVM with the extracted features

Hyperparameters of the one-class SVM were obtained by trying out few different values and
testing how they perform on the test set. Then best parameters were chosen and fixed for the
experiments that use other feature extractors. In the few cases, some alternative parameters
were tried as well and reported. Performing the parameter search with GridSearch I was able to
find better hyperparameters that has led to better results, however, with a very high chance of
overfitting, as there is not enough data to make quality train / validation / test sets. Moreover,
in the real case scenario, we would not have any testing data, only the positive training samples.
That means that there is no proper way to do parameter search over OCSVM, as it requires some
evaluation of performance, which is not possible without test data.

5.3.3 Anomaly detection with GAN’s

Over the past years there has been an increasing amount of research done on the use of the gen-
erative adversarial networks for anomaly detection problems [31] (AnoGAN), [11] (ADGAN), [10]
(GANomaly). These models can learn data distribution Pmodel Pdata and generate new realistic
samples. Moreover, it also learns to distinguish whether a given image belongs to learned data
distribution Pmodel or not.
This is done by making the generative model learn over one class, or, in other words, the ”normal”
or ”healthy” distribution p and use this learned distribution to decide whether a new data point
belongs to this distribution or not, based on the ability of the generative network to generate a
similar image to the test image G(z) ∼ x. This is done as follows: given a test image xtest, we try
to find a latent vector z, from which a generated image G(z) is the most similar to the xtest. If the
xtest belongs to a healthy data distribution p, the generator will be able to generate G(z) that is
similar (by some metric) to xtest and if the image is anomalous, the difference between xtest and
G(z) will be bigger.

There are few works that use a similar approach to the one presented here to do the anomaly
detection in images using GAN’s. Schlegl et al. [31] use such approach to detect the markers of
the disease in the tomography images of the retina. They split each tomography image in the
training dataset into the k patches of the size m× n and train GAN on these patches. Deecke et
al. [11] also have done work very similar to [31], with slight differences in the way they compute
anomaly score as they do not use an intermediate discriminator layer for that.
In our work we follow the AnoGAN approach described in [31], except that we train a network to
generate a full image, instead of image patches. If we would split our images into small patches
and train a network on those, we would also need to do the anomaly detection which would be
patch-based. Then imagine a test image that has only 50% of the sealant put. Then for the
patches that contain the sealant we could generate a similar patch, but also for the patch that has
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no sealant where it should be. This is because the parts of the image containing no sealant (and it
should not be there) could look the same as the patch where the sealant had to be put. In other
words, we can not distinguish the healthy part of the image without the sealant, from anomalous
part of an image, also without a sealant. It is different in, for example, tomography images used
in [31], where no lesions should appear in any place (or patch) of the image.

5.3.4 Architecture of GAN’s

In this project, both DCGAN and GP-WGAN have been explored and tested. The convolutional
layers in the generator part (in both DCGAN and WGAN) have strides = 1 and strides = 2 in
the discriminators convolutional layers.

The DCGAN architecture is shown in Figure 5.4. We implement similar architecture to the one
presented in the original DCGAN paper [29]. Additionally, we add Minibatch discrimination layer,
as suggested in [30]. It penalizes generator more if it has low entropy within a batch (generated
samples are similar).
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Figure 5.4: Architecture of DCGAN

The architecture of the GP-WGAN we implement is similar (Figure 5.5), but modified in a way
how it is suggested in the original paper - [4]. These differences are - no batch normalization
layers, added dropout layers in the generator, the first layer of the discriminator has strides=1,
no MinibatchDiscrimination layer, the output neuron does not have an activation function. And,
of course the model is built with a different loss function (more details in section 4.5.5).
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Figure 5.5: Architecture of WGAN
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Unsupervised manifold learning of healthy samples

To learn a healthy data distribution Preal we train a GAN with an architecture similar to the
one proposed in [29]. During the training, the generator learns to generate realistic images from
the latest space vector z while the discriminator gets better at distinguishing real from synthetic
data. A very important feature of this approach is that our generator learns to not only generate
samples as it has seen during training but also new, unseen, but still ’healthy’ samples that fall
in the learned data distribution Pmodel. This feature is important in the context of this project
because we might not have the training data that covers all the possible variability of the images
that still would be considered as non-anomalous. For example, let us say that we are given a
training set of ”healthy” images Xt that contains images x1, x2 ⊂ Xt, where x1 has a sealant with
width w1 = 10px and x2 has sealant put with width w2 = 15px. We want our model to learn that
a ”healthy” width of sealant is 10px ≤ w ≤ 15px, and that if w < 10px or w > 15px the test image
with such sealant anomalous. This can be learned, because during the training the discriminator
would see real images with varying sealant width 10px ≤ w ≤ 15px. If the generator generates an
image with sealant’s width outside this range, the discriminator would correctly guess that it was
generated and backpropagate this information. The generator, in turn, learns to generate images
in this range, as otherwise the discriminator distinguishes that this data was generated.
This allows us to have smaller training sets as long as we have images that define the boundaries
of what is considered ”healthy” data. Then the model can properly work with unseen but still
”healthy” data.

Mapping to the latent space

When the training has finished, the generator G has learned the mapping G(z) = z → x from
latent space to a new healthy and realistic images, so we can generate many new images that are
non-anomalous. However, the inverse mapping ϑ(x) = x → z is not readily available. So to find
such z, we start by sampling random z0 from the latent space distribution Z and generate G(z0).
Then, for l = 0, ..., k steps we backpropagate the loss between first generated image G(z0) and
xtest, making the subsequent generated image G(zl+1) more like xtest, by updating the gradients
of the coefficients of zl, that results in an updated position in the latent space. After k steps, we
have found the most similar image G(zk) to the test image xtest. We have used k = 500 steps, the
same as in [31].
The work in [11] defines a loss function consisting of only the reconstruction loss, while Schlegl.
et al. [31] defines a loss function for the mapping xtest → z that uses two components - the
reconstruction (residual) 5.2 loss and the discriminative loss 5.3. The reconstruction loss pushes
images G(zk) and xtest to be more visually similar, while discriminative loss pushes generated
image G(zk) to lie on a learned manifold. So both, discriminator and generator are used to adapt
the coefficients of z via backpropagation.

Reconstruction loss The reconstruction loss measures the visual difference between xtest and
G(zk) and is defined by:

LR(zk) =
∑
|xtest −G(zk)| (5.2)

Where G(zk) is an image generated by a generator after k steps and is the closest image that
generator G could generate. If Xtest and G(zk) are visually similar, the reconstruction loss is close
to zero.

Discriminative loss The discriminative loss is based on the feature matching between images
and this enforces the generated images G(zk) to have similar intermediate feature representations
as the training data. This loss is defined as follows:

LD(zk) =
∑
|f(xtest)− f(G(zk))| (5.3)

Here f(·) is an output of some intermediate layer of the discriminator. In this way the approach
utilizes the discriminator as a feature extractor.
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So the overall loss is a weighted sum of both components:

L(zk) = (1− α) · LR(zk) + α · LD(zk) (5.4)

Detecting anomalies

From the previous steps we have trained the generator G to produce healthy images and after
some parameter optimization we have obtained a latent vector zk for a test image xtest. Now
we need to define a way to classify test image as an anomaly or not. We do this by defining an
Anomaly Score. This score can be defined in a different ways and few of them have been explored
and compared. Authors Schlegl et. al in [31] define this score to be similar to the loss function
they use (equation 5.4) and is defined like this:

A(x) = (1− α) ·R(x) + α ·D(x) (5.5)

Where R(x) and D(x) are the reconstruction LR(zk) and the discriminative LD(zk) losses of the
last (kth) iteration of the mapping to the latent space procedure.
The rationale is that A(x) is high for the anomalous images and low for the similar ones, as a
similar image xt has been seen during the training and the model could find a z from the the
latent space from which a similar image xs ∼ xt ∼ xtest could be found. So, we need to define a
threshold ε such that:

f(x) =

{
1, if A(x) ≥ ε
0, otherwise

(5.6)

Where 1 is an anomaly and 0 is not.

There is no proper mathematical way to determine the value of ε, so a more empirical approach
has to be used. In my work, after completing the training I have repeated the second step of
mapping test images to latent space many times using the some of the images from training data
together with some k randomly generated images G(zi..k) to compute anomaly scores of these
images. Then, I took the upper bound of these anomaly scores A(x), and added a small margin
(γ = 5%) so that ε = dA(x)e · (1 + γ). Note: Having gamma parameter is not necessarily needed
and it just defined how conservative an anomaly detection model should be.

Anomaly score

After our model can produce G(z) we want to compute the anomaly score A(x), which rationale is
explained in the subsection above. However, there are multiple alternative metrics we can choose
from to base our anomaly score on. Work in [31] use their loss function that basically combines
mean absolute error and the discriminative (based on features) losses, while work in [38] uses only
the generator loss (mean absolute error). In this work, we use loss as defined in AnoGAN [31],
discriminative loss and Mean absolute error.
After the similar image has been generated by the generator after fitting for the latent variable z,
we use a non local fast denoising algorithm [7] to remove noise from the images. This algorithm
removes the noise and smoothens an image while keeping the structural information, like lines or
curves untouched. We do this to make them more consistent in the pixel values for the metrics
like the mean absolute error. Moreover, after calculating the residual image (between x and G(z))
we apply custom threshold function T (x) that is defined as follows:

∀c∈Xf(c) =


255 ifc ≥ 150

c if100 < c < 150

0 ifc ≤ 100

(5.7)

In this way we ”filter out” the most of noisy values after image subtraction that are close to 0 and
emphasize more on places with a bigger absolute error.
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Figure 5.6: Overview of the training and testing approach

In the results section, we present the results of the anomaly detection using these methods using
all these metrics and see if there is a difference and how big is among these metrics.
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Results

6.1 Supervised convolutional neural network approach

The results obtained from the supervised approach are promising, however, requires a big amount
of labelled training data. During experiments, such data was available, but it was not completely
correctly labelled (labels taken from current visual inspection algorithms), so the results have to
be taken with extra care. Moreover, the A1 dataset have been created, by using samples of ”pass”
class, but the ”fail” class has been created from the samples without sealant, combined together
with around 25 definite anomalies with sealant put defectively (labelled by a non-professional).
So, this dataset provides a good testing ground for the supervised approach as it is very easy for
a model to learn that one class is with sealant and another is without.
In the table 6.1 summary of results obtained is shown.

ID Data Conv. layers Loss Accuracy ROC AUC TN / FP / FN / TP

1 All InceptionV3 0.7715 0.8952 0.9568 340 / 59 / 0 / 164

2 All InceptionV3 0.0870 0.9655 0.9920 2031 / 73 / 351 / 9862

3 A1 InceptionV3 0.0172 0.9946 0.9998 399 / 0 / 3 / 161

4 A1 Own 0.0180 0.9928 0.9993 399 / 0 / 4 / 160

5 A1 VGG16 0.0207 0.9982 0.9997 399 / 0 / 1 / 163

6 A2 VGG16 0.1726 0.9460 0.9581 696 / 234 / 37 / 4052

7 A2* VGG16 0.2362 0.9456 0.9027 698 / 232 / 41 / 4048

Table 6.1: Supervised classifier results

*Images used here were grayscaled

The models with ID ∈ 1, 2 have been fine tuned on the data taken from all the clusters. The
model with ID=1 has then been tested on dataset A1, while the model with ID=2 has been tested
with all raw data. Models with ID ∈ 3, 4, 5 are trained and tested with cluster A1 data. The
result is satisfiable - ROC AUC scores are close to 1 and only a few false negatives are present.
However, from this cluster, only 39 are “true” anomalies (including artificially created ones) and
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others are just images without any sealant put at all (in some cases it can also be considered a
defect).

If we look at the models with the ids 5 and 6, we see that the difference between them is that one
was trained with grayscaled images and another with 3-channel RGB images. Experiments show
that under the same setup, in the supervised approach RGB images are better in terms of ROC
AUC. However, the difference between actual predictions (validation accuracy) is not that differ-
ent. That means that colour channels make the model more “confident”, that is, it’s predictions
are closer to the true value (because the output is probabilistic softmax), but this improvement is
not big enough to noticeably change the predictions.

As we see, there is no significant difference between VGG16 and InceptionV3 backbones. The
ROC AUC scores are high for all the settings and we can see that the supervised approach can
show good performance, but requires lots of training data from both “pass” and “fail” data and
is prone to overfitting.

All the above experiments have been performed using the pre-trained neural network back-bones.
However, when performing the same experiments on these datasets with these architectures
(VGG16, InceptionV3, etc.) but without the pre-trained imagenet weights, but using random
initialization, almost the same results can be achieved. However, the difference being that it takes
more time to achieve similar performance as models with pre-trained weights. For example, using
VGG16 network in the supervised experiment on dataset Cluster4 corr without imagenet weights
in 3-4 epochs achieves the same performance as the network with the preloaded imagenet weights
achieves in 2 epochs (in the experiment, one epoch took around 10 minutes).

This means that it is not necessary to pre-load the imagenet weights if the dataset is big enough
so that the network can learn, but can speed up things. Moreover, as we will see in the next
approach, we will use pre-trained networks as feature extractors on relatively small unlabelled or
semi-labelled (only positive class) training dataset, where training such a network is not possible,
supports the claim that features extracted from such pre-trained networks are representative and
can be used to encode the image of an arbitrary domain into the feature space.

6.1.1 Transfer learning

In our experiments the transfer learning with all convolutional (reused) layers frozen did not work
very well (the model immediately overfits - low training loss but high validation loss).
When not freezing transferred layers and allowing back-propagation, model learns fast (in just a
few epochs) with validation loss < 0.2 and validation accuracy > 90%.

Freezing the first convolutional layers makes model worse than without freezing (although con-
verges to similar performance after a number of epochs), but is much better than models with all
layers frozen.
A probable reason is that the actual features learned from imagenet dataset images are very dif-
ferent in nature than the features defining defects in this domain. However, in my understanding,
the most basic features learned in first convolutional layers are still similar (lines, curves, etc.)
and because of that allowing model to fine-tune itself enables us to achieve working model.
Training transferred model without freezing, then using this model as a transferable model, while
freezing the convolutional layers and adding new fully-connected layers - produces the same results
as an initial model.
VGG16 fine-tuned model with imagenet weights preloaded trains 20% slower than InceptionV3
and achieves very similar results. However, InceptionV3 does not work with a backprop modifier
option when trying to visualise CAM or saliency maps and, hence, produces inaccurate attention
maps. This is important as these maps should show a defect localization. It is further explained
in the next section 6.1.2.
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6.1.2 Class activation maps

The basic idea behind the class activation maps is simple: we compute the gradient based class
activation map, which shows parts of the input that maximise the outputs of filter indices in
layer idx. By doing this, we want to mark the pixels in the image that contribute the most to the
output of the model, which can be one of the two classes - pass or fail. The intuition behind this
is that a model should predict an image being an anomaly because of the features extracted from
specific parts of the image, parts where anomaly should be. And this is done by using the pen-
ultimate convolutional layer’s (pre-dense) gradients, so that the spatial information of an image
would not get lost in the dense layers.

Using backprop-modifier=’guided’ returns much better and meaningful (at least what one would
expect) results. InceptionV3 model does not support this option, so VGG16 proved to be a better
choice in this context.

(a) Pass (b) Pass + penultimate (c) Fail (d) Fail + penultimate

Figure 6.1: Class activation maps

By setting a penultimate layer, we define a layer from which feature maps are taken and used to
compute the gradients with respect to the output. If no penultimate layer was set, the nearest (to
the output layer) convolutional or pooling layer is taken. In my experiments, I have tried setting
one convolutional layer below, to get ’lower level’ feature maps, but that did not result in different
outcome.
Grad-cam for correct cluster 4 more or less makes sense for PASS predictions, although it “marks”
only part of the sealant and not all of it, as it would be expected. This might be because the
model has learned from the data it had that the full sealant usually is not important and only
parts of it.
But for the fail cases, it does show class activation from the pixels that are nearby, but not exactly
in a place where the sealant is missing. That is not exactly what has been expected, as the pixels
that cover sealant area should contribute to class “fail” neuron in the last layer of the classifier.

6.2 Unsupervised approaches

6.2.1 Feature extraction and OCSVM

During the experiments a choice to use the RBF kernel has been made, because it is the default
and most popular kernel used in OCSVM. Moreover, the linear kernel has always shown poorer
results (see linear kernel table of cluster c1), so this option has been discarded. Other kernels did
not differ from RBF, so the choice to stick with the RBF kernel has been made.

The choice of a layer from which features were extracted was chosen to have (at least in pre-trained
models) similar shape. This is summarized in table 6.2:
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Features Shape No. of features Layer name

KAZE (n, 2048, 1) 2048 -

Autoencoder (n, 64, 64, 128) 524’288 encoder pool

VGG16 (n, 32, 32, 512) 524’288 block5 conv3

InceptionV3 (n, 30, 30, 192) 172’800 conv2d 40

Xception (n, 16, 16, 1024) 262’144 conv2d 3

Table 6.2: Extracted features

6.2.2 Hyperparameters of OCSVM

The performance has been sensitive to the “gamma” hyperparameter of OCSVM with RBF kernel.
The choice which parameters to use has been made by trying out few experiments and looking
at the test results. In general, small gamma values have shown to work good, while changing the
“nu” parameter had little to no influence. However, very small NU values ( < 0.05 ) have failed
to produce good results.

For the dataset B1, the hyperparameter of gamma has been left to default option, which is 1 /
n features, so it differs for different feature extractors. This choice has been left to default, as
trying smaller or bigger values resulted in poorer performance.

OCSVM with these parameters performed similarly when applied to pre trained feature extract-
ors. However, using our own trained autoencoder, smaller gamma values showed better results.
The comparison between gamma=1e-8 and gamma=1e-3 while using an autoencoder as a feature
extractor can be seen in the figures summarising results below.

Choosing the right hyperparameters might be a challenge, because one has to decide which is the
most important metric on which the decision which hyperparameters are the best will be based.
In these experiments, the hyperparameters which maximize ROC AUC score have been chosen as
the best ones. However, sometimes some other metric might be more important, like F1 score, or
just plain ratio (or just single value) or False negatives and False positives.
In the real case scenario this hyperparameter choice would be even harder to make, as we would
not have any testing data. So there would be no way to check whether given hyperparameters
perform well or not.
In this approach, several feature extraction models or algorithms have been used on three different
datasets. These feature extractors are:

1. Classical features extracted with KAZE algorithm

2. Different pretrained models with the imagenet dataset

(a) InceptionV3

(b) Xception

(c) VGG16

3. Autoencoder trained on only the positive (and augmented) samples
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The datasets with which models have been trained in these experiments were chosen to be more
different from each other, because that supports the claim of the generality of this approach to
different datasets. The datasets can be considered different as they have a different number of in-
stances, the difficulty of defects (smaller/bigger in relative to the image size, more or less distinct,
etc.).

These datasets used in this approach are number B1, B4, and C1.

6.2.3 Dataset B1

Features F1 score ROC AUC TN / FP / FN / TP Parameters

KAZE 0.2075 0.5358 41 / 2 / 82 / 11 gamma=0.0005, nu=0.5

Autoencoder 0.4179 0.5854 50 / 5 / 75 / 25 gamma=1.9e-6, nu=0.5

VGG16 0.4651 0.5915 37 / 6 / 63 / 30 gamma=1.9e-6, nu=0.5

InceptionV3 0.3846 0.5795 50 / 5 / 75 / 25 gamma=5.8e-6, nu=0.5

Xception 0.7946 0.6268 20 / 35 / 11 / 89 gamma=3.8e-6, nu=0.5

Table 6.3: B1 dataset results with RBF kernel

*gamma= 1/n features

The first thing to note is that this dataset was pretty noisy and many anomalies were minor, and
as such, features not too different from each other between the healthy and defect samples. The
testing data has been labelled by a non-professional inspector, so many samples that are among
healthy training data can be defective. Or samples that are among anomalous data can have some
healthy samples mixed in. This is due to the fact that the difference between anomalous and not
sometimes is very small and labelling them manually can result in many errors.

From the result tables of both kernels - table 6.3 and table 6.4, we see that none of the feature
extractors provided good and distinct features to fit OCSVM model for this dataset. Even when
parameters were found with the grid search, which often leads to overfitting, did not produce
good results. This is probably due to the fact that this dataset has not been labelled correctly, as
explained in the end of the section 3.2.

To fix this problem few approaches can be tried. Firstly, better and more distinct (between
healthy and anomalous samples) data can be used. This can also be achieved by trying to do
unsupervised clustering, like k-means clustering algorithm with k=2 (bigger number of clusters
should be considered as well). The rationale behind this is that healthy images should have more
similar features than anomalous samples and thus, should be clustered together. However, if this
approach would also fail to produce a good cluster of healthy samples, then it can be concluded
that the problem lies in the data itself.
Below, in the Figure 6.2 examples of few images are shown: As we see from the false positive case,
the label (defect or not) of an image is not clear even for a human inspector. And there are many
pictures like that, as they have been labelled by me for the testing purposes. Also looking at false
positives we see a very similar situation - it is unclear whether the sealant is anomalous or not for
a human inspector, and the algorithm classified it as an anomaly.
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Features F1 score ROC AUC TN / FP / FN / TP Parameters

KAZE 0.6455 0.6114 29 / 14 / 42 / 51 gamma=0.0005, nu=0.5

Autoencoder 0.5764 0.4378 15 / 28 / 44 / 49 gamma=1.9e-6, nu=0.5

VGG16 0.2372 0.4473 32 / 11 / 79 / 14 gamma=1.9e-6, nu=0.5

InceptionV3 0.5 0.4601 22 / 21 / 55 / 38 gamma=5.8e-6, nu=0.5

Xception 0.4769 0.5968 37 / 6 / 62 / 31 gamma=3.8e-6, nu=0.5

Table 6.4: B1 dataset results with LINEAR kernel

(a) True negative (b) True positive (c) False negative (d) False positive

Figure 6.2: Examples of B1 dataset classified images
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6.2.4 Dataset B4

B4 dataset has few “naturally” occurred anomalies together mixed with anomalies that have been
introduced superficially by in-painting black lines that resemble the “sealing” in a way that it
would be considered a definite anomaly in real life setting.

It is important to note, that this dataset consists of two types of images (same product) - one
type is darker and another is lighter, also horizontally and vertically shifted (see Fig. 6.3 (a) and
(c) are darker, while (b) and (d) are lighter and shifted), and these changes are from a real world
scenario.
It is very important, because the models have been trained only using the darker (and augmented
from them) images, while testing has been performed using both types. This is important, because
this example exactly shows the robustness of a model to lightning changes and horizontal / vertical
shifts.

Features F1 score ROC AUC TN / FP / FN /
TP

Parameters

KAZE 0.6804 0.6265 13 / 6 / 25 / 33 gamma=1e-8,
nu=0.5

Autoencoder 0.5238 0.5843 15 / 4 / 36 / 22 gamma=1e-8,
nu=0.5

Autoencoder 0.8644 0.7028 10 / 9 / 7 / 51 gamma=1e-3,
nu=0.1

VGG16 0.9075 0.7813 11 / 8 / 5 / 53 gamma=1e-8,
nu=0.5

InceptionV3 0.9105 0.7459 10 / 9 / 2 / 56 gamma=1e-8,
nu=0.5

Xception 0.8869 0.7817 13 / 6 / 7 / 51 gamma=1e-8,
nu=0.5

GAN Discriminator 0.7586 0.5108 5 / 14 / 14 / 44 gamma=1e-8,
nu=0.5

Table 6.5: B4 dataset results with RBF kernel

In this dataset deep feature extractors, all proved to be better than using the features derived
from KAZE algorithm by a noticeable margin. The best feature extractor for this dataset was
InceptionV3 considering the F1 metric (or false negative / false positive ratio), or the VGG16, if
we consider ROC AUC score.

Looking at the false negatives, the few pictures that get misclassified as a healthy sample, are those,
which have only visually small anomaly in-painted. Moreover the anomaly itself has smooth, round
edges (example of one such image is in the table below).

Using the features extracted from the autoencoder, with the chosen parameters, the model did not
perform well. However, trying smaller gamma and nu parameter values of OCSVM had improved
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the results, as can be seen in the table 6.5.

Features F1 score ROC AUC TN / FP / FN / TP Parameters

KAZE 0.5584 0.6016 15 / 4 / 34 / 24 nu=0.1

Autoencoder 0.6279 0.7064 18 / 1 / 31 / 27 nu=0.1

Autoencoder 0.7874 0.4310 0 / 19 / 8 / 50 nu=0.5

VGG16 0.9075 0.7064 18 / 1 / 31 / 27 nu=0.1

InceptionV3 0.6279 0.7064 18 / 1 / 31 / 27 nu=0.1

Xception 0.6279 0.7064 18 / 1 / 31 / 27 nu=0.1

GAN Discriminator 0.5842 0.5925 14 / 5 / 32 / 26 nu=0.5

Table 6.6: B4 dataset results with LINEAR kernel

The table 6.6 above shows the results when using the linear kernel. As we see, the results of
OCSVM with the linear kernel for different deep features extractors are the same, except for the
KAZE algorithm’s features which shows similar, but worse performance.

In the Figure 6.3 a few examples of the images are shown.

(a) True negative (b) True positive (c) False negative (d) False positive

Figure 6.3: Examples of B4 dataset classified images

6.2.5 Dataset C1

RBF kernel of OCSVM using different deep feature extractors has performed well in these experi-
ments with dataset C1, while autoencoder’s features had produced the best results - all anomalies
have been detected while only three false positives have been raised.

Features extracted from the KAZE algorithm with the parameters chosen for pre-trained models
or autoencoder did not work and predicted that all images follow the healthy distribution. Trying
bigger gamma value (gamma=0.1) had improved the result. Results are shown in the table below:

In comparison with the linear kernel (Table 6.8), the results were bad in the terms of F1 and
ROC AUC scores, but also that it had a very high false negative rate. Trying nu=0.5 values has
improved results slightly, but not significantly enough.
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Features F1 score ROC AUC TN / FP / FN / TP Parameters

KAZE 0.4421 0.4961 9 / 4 / 49 / 21 gamma=0.01, nu=0.1

KAZE 0.6164 0.8244 6 / 7 / 16 / 54 gamma=0.1, nu=0.1

Autoencoder 0.9790 0.8846 10 / 3 / 0 / 70 gamma=0.01, nu=0.1

VGG16 0.9271 0.5769 2 / 11 / 0 / 70 gamma=0.01, nu=0.1

InceptionV3 0.9523 0.7307 6 / 7 / 0 / 70 gamma=0.01, nu=0.1

Xception 0.9589 0.7692 6 / 7 / 2 / 68 gamma=0.01, nu=0.1

Table 6.7: C1 dataset results with RBF kernel

Features F1 score ROC AUC TN / FP / FN / TP Parameters

KAZE 0.3736 0.4675 9 / 4 / 53 / 17 nu=0.1

KAZE 0.7394 0.6219 8 / 5 / 26 / 44 nu=0.5

Autoencoder 0.3023 0.4774 10 / 3 / 57 / 13 nu=0.1

VGG16 0.7868 0.6890 9 / 4 / 22 / 48 nu=0.1

InceptionV3 0.5904 0.5675 9 / 4 / 39 / 31 nu=0.1

Xception 0.7079 0.6703 10 / 3 / 30 / 40 nu=0.1

Table 6.8: C1 dataset results with LINEAR kernel
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6.2.6 Autoencoder

Here are the results for the simple autoencoder approach of anomaly detection based on the recon-
struction loss (mean squared error). Anomaly score here is defined as explained in section 5.3.1
and is based on the reconstruction loss (mean squared error) between test image and image that
goes through autoencoder.

The threshold anomaly value has been selected following the described approach in section 5.3.4.
It involves testing the model on the training data, selecting the biggest anomaly score (in this case
- mean squared error), adding 5% margin and classifying an item as an anomaly if its anomaly
score is higher than this threshold.
However, because these values (and classification as well) are based on the threshold that is
selected based on observations of the training, it is important to also look at how these values
are distributed (for the test set). The loss (Mean squared error) distribution is presented in the
boxplot (Figure 6.5).

Precision Recall F1 TN FP FN TP

0.8852 0.9642 0.9230 13 7 2 54

Table 6.9: Autoencoder anomaly detection results

As we see from the results table 6.9 this approach achieves good results on the dataset B4 with
F1 score-metric as well as recall, which is an important metric in this project scenario, as the cost
of False Negative is the biggest.
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Figure 6.4: Autoencoder’s
anomaly detection confusion
matrix Figure 6.5: Autoencoder’s loss distribution

Training

Training an autoencoder is relatively fast and easy. On the Nvidia Tesla K80 GPU, one epoch takes
only 10 seconds to complete. During this training, we have trained the model for 100 epochs. Only
augmented images from few healthy images were used for training, while other images of positive,
”healthy” class were used for validation. In the Figure 6.6 training loss history is presented.
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Figure 6.6: Autoencoder’s training loss history

Defect localization

Images after passing the encoder-decoder pipeline in the autoencoder come out pretty blurry (as
seen in - 6.7). Nevertheless, the positional orientation and brightness levels are kept and the
sealant that is placed correctly is drawn (because autoencoder has been trained only on healthy
samples and decoder has learned only weights corresponding to correctly put sealant).

(a) Fail (b) Fail

(c) Fail (d) Pass

Figure 6.7: Autoencoder’s input, output and defect localization, respectively

As we see, the images with defects (anomalies) have that place marked in a red color. It shows
the missing sealant and / or place where sealant has been put too much. However, some noise is
also detectable - in many places algorithm has marked pixels as being anomalous that are not in
an ”area of interest” (which is the area of where a sealant is put). This issue could be tackled by
applying a mask that would define the ”area of interest” and ignore anomalous pixels elsewhere.

6.2.7 Generative adversarial networks

Training of the GAN’s has been a difficult task because of an unstable training and hard to interpret
losses. As noticed during the experiments, this was especially true while training DCGAN, even
after applying all the stability tricks recommended among other papers [9], [29], [36]. During the
training, the DCGAN network would always fall into partial mode collapse and would not be able
to generalize to images of different brightness and / or positional parameters.
This problem has been overcome with the improved WGAN, which would always show affinity to
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converge and was not sensitive to hyper-parameters like a number of features in the convolutional
layers or optimisers.

WGAN training

In the Figure 6.9 generated images G(z) at a different timing (no. of epochs) are shown. As
we see, network learns to generate healthy looking images without mode collapse (as there are
positional and brightness differences among the pictures) .

In the figure 6.8 we plot the training loss of these two modules. An important note is that we
train the discriminator 6 times more than the generator, hence the difference in the number of the
iterations made. We can see that both losses tend to converge to the similar values. In the case
of a generator, where loss often is negative (because it is a WGAN), the loss converges to have
small values around 0. However, the image quality does increase even when this balance has been
reached in 400 iterations. The discriminator loss starts small but quickly jumps to be very high,
and with time it tends to decrease towards 0.

(a) Generator loss (b) Discriminator loss

Figure 6.8: WGAN’s generator and discriminator losses

(a) Epoch 0 (b) Epoch 5 (c) Epoch 10

(d) Epoch 20 (e) Epoch 40 (f) Epoch 80

(g) Epoch 140 (h) Epoch 200 (i) Epoch 240

Figure 6.9: Examples of G(z) (generated) images during training
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Anomaly scores

As we can see in the Figure 6.10 the GAN approach also performs good, for this dataset it achieves
the best result with F1 score of 0.95 when using only the discriminative loss as Anomaly score
A(x). Using combined (discriminative and residual losses with λ = 0.1), F1 score is also high -
0.92. In the Figure 6.10 we can see two confusion matrices that have been built by using different
anomaly scores. In a) the discrimination loss has been used as a metric for defining Anomaly score
A(x) , while in b) combination of discrimination and reconstruction (mean squared error) based.
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(a) Discrimination loss (λ = 1)
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(b) Combined loss (λ = 0.1)

Figure 6.10: WGAN’s anomaly detection confusion matrices

(a) Discriminative loss distribution (b) Combined loss distribution

Figure 6.11: WGAN’s anomaly detection loss distribution

Defect localization

Using the approach described in 5.3.4 we present the results of defect localization by comparing
the test image and the generated image after the latent variable z such that G(z) has minimal loss
compared with the test image, has been found. In the Figure 6.12 few examples of images tested
are shown. Each block in Figure 6.12 consists of three images - a testing image, a generated image
G(z) and an image with defect localization, which is obtained by taking the mean absolute error
between the images, as described in 5.3.4.
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(a) Fail (b) Fail

(c) Fail (d) Pass

Figure 6.12: WGAN (from left to right): Test image, Generated image G(z), defect localization
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Discussion

7.1 Results

In this chapter, we discuss the results obtained for each of the approaches tried. We evaluate
the approach in the terms of performance, speed, amount of training data needed, robustness to
environmental changes and its ability to localize the defect in the image.

7.1.1 Supervised classification

Building a model in a supervised manner in the context of this project is effective, but not very
well suited. Mainly, because it requires a lot of labelled training data. Even with transfer learning
techniques applied, so that the model does not need to train itself from scratch, still needs labelled
data. Moreover, there are no guarantees that it will perform when new types of anomalies appear.
Training it does not require much time, assuming transfer learning has been used as it achieves
good accuracy within few epochs.
The approach does provide out of the box defect localization with class activation maps or saliency
maps, however the output in the experiments done in this project did not provide very meaningful
results (Figures 6.1a, 6.1b, 6.1c, 6.1d).

7.1.2 Feature extraction and OCSVM

Extracting features from the images and training a classifier (or novelty detection model like
OCSVM) has proved to be an effective approach. It performed well on two out of three datasets
(however the performance on the dataset B1 should be taken with a grain of salt because of the
not correctly labelled data which confuses the model). It can detect most of the anomalies and
only the anomalies that are very small get undetected, and that could be probably solved with an
increased resolution of the images.
In this approach, if we look at the result tables of the linear kernel (6.4, 6.6, 6.8,) and compare
the results there with the results of RBF kernel (6.3, 6.5, 6.7) we see that only the RBF kernel has
shown good performance and linear kernel of the OCSVM has failed to do so. It is also a logical
outcome, as the features extracted from the images are rather complex and not linearly separable.
Moreover, it has also clearly demonstrated that features extracted with deep learning methods
(convolutional layers) significantly outperform classical feature extraction algorithms like KAZE.
It can be seen by comparing the results of the feature extractor KAZE and others, based on the
deep learning.
The training of the model does not take long and very depends on the number of features fed into
the OCSVM. Testing whether an image contains anomalies or not is done almost instantaneously,
within milliseconds.
This approach does require a lot of training data - at least 500 images, because training model on
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less data has produced bad results. However, these images are augmented from only a few positive
samples, so from an application point of view it does not require much initial training data as
data augmentation helps to build bigger training sets.
The model is pretty robust because of the training on the augmented images.
However, the approach has a drawback of not being able to localize the defect. The hyperplane
can be obtained and features contributing for an image being classified as an anomaly or not can
be obtained. Then this features backpropagated and class activation map could be built. But the
problem is that it can be obtained using the linear kernel and not the others, like RBF. Considering
that the approach performed well only with RBF kernel, we can conclude that the model does not
provide a way to localize the defects.

7.1.3 Autoencoder

This approach has proved to be the best one in all the metrics. The performance is high and
comparable with OCSVM approach performance with RBF kernel. It is rather simple (simple
reconstruction loss metric) and fast to train as well as to test an image. Moreover, it also does not
require much initial training data as augmented images work well to train the model. By encoding-
decoding a test image and then taking the difference and making residual image provides a way
to have a detailed defect localization. Moreover, the model is robust and learns to correctly
encode-decode images in a changing environment and fails to encode-decode properly images with
anomalous sealant. However, the drawback of this approach is that the decoded images look blurry
(so it is harder to build residual image and detect smaller anomalies).

7.1.4 Generative adversial network

This approach is more complex than the previous ones and harder to train. We have tried differ-
ent techniques, architectures and losses. GAN training takes also a very long time to train - it
takes 12hours to (almost) reach the Nash equilibrium (which is when losses of both generator and
discriminator converge to some small value range and the network stops learning).

Speaking about the performance of this approach in the context of anomaly detection, we can
say that it definitely can compare with above-mentioned approaches and perform better in some
cases than OCSVM. It also depends greatly on how we calculate the difference (loss) between test
and generated image. Also looking at the values of different metrics, we can see that sometimes
one metric works well and in other cases another one, so some kind of ensemble approach here
probably could increase the performance even more. The approach is very general in the sense
that it easily deals with new, not seen anomalies and is robust to changes in the environment.
It does require at least 500 images to train on (training of smaller datasets showed worse results),
but that is not the problem given that the data augmentation is being done.

Defect localization here is rather complicated. Even if it does correctly label image being an an-
omaly, the defect localization fails in some cases. This is mostly the case where the defect is that
the sealant has not been put in some place where it should have. On the contrary, it always works
well with defects where a sealant has been misplaced, is too thick or has some structural deviations
(sealant is where it should not be). This is probably because the model has not reached true Nash
equilibrium (or has not been trained completely), as the model is able to find a latent variable z
from which generated image G(z) looks anomalous itself (for example, without a sealant).

Another problem with the approach is that it takes a long time to find the latent variable z, in this
case - more than a minute for a test image. It would not be suitable in the production environment,
because visual inspection systems should detect the defective products (almost) instantly, as the
product immediately goes to the next manufacturing step on the assembly line. However, there
are alternative architectures of such GAN’s that tackle this problem by learning inverse mapping
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during the training of the network [13], [14].

Generally speaking, this approach is powerful and can be used in anomaly detection. However the
scope of the problems in which this approach is suitable is rather limited. Anomaly detection with
GAN’s performs very well when there is high (unseen) variability among the healthy data while
the amount of training data is limited and can not be compensated with image augmentation.
Moreover, it works well when we want to detect something that is there when it should not be
and not vice versa. For example, when building a model for anomaly detection of brain tumours
in brain MRI scans. After training a model on a bunch of healthy MRI brain scans, the generator
could easily produce images of brain scans that are artificial but look real. The point here is that
every brain scan will be different to some extent as every person have slightly different anatomy.
Whereas anomaly detection of rather static products in the manufacturing regards always almost
the same looking images and has only meta-differences, like brightness / rotation / etc. changes.
That means that the main advantage of GAN’s is not exploited enough in this setting, while the
complexity and training time of this approach are high.

7.2 Conclusions

Visual anomaly detection problem has many different approaches and each approach has it’s par-
ticularities. From the results we conclude that using deep learning techniques in anomaly detection
performs well and better than the approaches that do not, because convolutional neural networks
can extract meaningful representations from an image.

The best approach for this context we have found to be the autoencoder, because of its robustness,
speed, simplicity and ability to do the defect localization, all in an unsupervised manner.

Using deep learning and data augmentation we enable the robustness to the extent where models
really learn the important features and ignore the ones that describe rotations, colours, position,
etc. However, the solutions are still not perfect and there is space for improvements in all - better
feature extraction, generation of images and detecting the anomalies, as well as defect localization.

Another thing to mention is that this problem is a very context specific. That means that the
approach that works for this particular data can not be suitable for the different kind of data.
It is very important to understand what variability exists in the healthy data and what kind of
anomalies one would expect.
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Future work

There are several approaches more or additions to the existing approach that should be considered
to try for solving this problem.

8.1 Improvements of researched approaches

While the GAN approach does produce results comparable to other approaches, finding the latent
variable z in the latent space Z is a long process, taking up to one minute for higher resolution
images. This is because we need to fit the model to find the variable z that produces image G(x)
most similar to x. However, there exists few architectures of GAN’s that do take this into account
and learn an approximate mapping x → z during its training. In this way, given a test image x
a latent variable z can be found in a very fast and efficient way with only very small changes to
the predicted variable needed. In practice, it reduces time to find this variable z from seconds to
milliseconds and in a rapid production environment this timing is essential.
One approach to learn this inverse mapping as a training process is to use a variational autoencoder
in the generator part of the GAN, as is described in [23]. J. Donahue et. al in 2017 have introduced
a variation of GAN called BiGAN [13]. In this network, in addition to standard GAN framework,
authors include another neural network called encoder which learns to map data to their latent
representations z. In this way discriminator is trained to distinguish not only between x and
G(z), but between tuples (G(z), z) and (x,E(x)). After training has finished, the encoder can
map new images to their latent representation z. A very similar approach called AliGAN has been
introduced in [14].

8.2 Other approaches

Firstly, supervised classification approach has shown to be able to produce very good results if
there is enough labelled data to train from. So the first thing to consider is if it is possible to
produce such labelled data, and if yes - train models on that data. For example, in this project
we have augmented positive examples. So it would be easy to produce even thousands of healthy
samples. It would be interesting to find a way to produce some images of products with defects -
by, for example, automatically in-painting in the image the sealant that would be too thick/thin,
of a different shape, in a wrong place or not full.

Another approach worth attention is done through segmentation. Building a segmentation model
that could detect and mark the sealant put, then applying template matching or any other anom-
aly detection technique should prove to work very good, as no other parts of the image that are
unimportant (could be considered as noise) would interfere with the prediction. However, using
unsupervised or transfer-learning approaches for segmentation models would not work in every
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case given datasets of this project, as some of them have shadows that fall over the sealant area,
and, thus, the model would segment parts of the shadow as a sealant. But, there exists supervised
segmentation approaches, in which model could learn how sealant looks like and segment it in
different lighting and other environmental conditions correctly. But this approach again, would
need labelled dataset with sealant area correctly segmented already.
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