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Resumen

Método para la detección automatizada de defectos en la producción de láminas

de acero alfajor mediante visión artificial y aprendizaje profundo

La detecci�on de anomal��as es de gran importancia en la producci�on de placas de acero para

garantizar que los productos no tengan defectos. En los �ultimos a~nos han surgido varios

m�etodos de aprendizaje profundo para la detecci�on de defectos en super�cies de acero

limit�andose principalmente a super�cies de acero planas. Adem�as, la detecci�on de

anomal��as basada en el aprendizaje profundo sigue siendo una tarea dif��cil si no se dispone

de su�cientes muestras de entrenamiento, lo que suele ocurrir en escenarios del mundo real.

En cuanto a las placas de acero texturizadas, como las l�aminas alfajor, la disponibilidad de

muestras an�omalas es baja, ya que las producciones est�an optimizadas para minimizar la

aparici�on de defectos. Por lo tanto, el objetivo principal de este trabajo es la determinaci�on

de un m�etodo adecuado basado en el aprendizaje profundo, para la detecci�on de anomal��as

super�ciales en placas de acero texturizadas. Se entrenaron varios modelos, los que se

compararon en t�erminos de capacidad de segmentaci�on y precisi�on de clasi�caci�on. Por un

lado, se adapt�o una red neuronal convolucional pre-entrenada en defectos arti�ciales a

im�agenes procedentes de una l��nea de producci�on diferente, de la que solo se dispon��a de

datos libres de anomal��as para su entrenamiento. Por otro lado, se entren�o un

autocodi�cador de forma semi-supervisada para reconstruir im�agenes libres de anomal��as,

con el �n de identi�car las regiones defectuosas midiendo el error de reconstrucci�on.

Adem�as, se realiza un an�alisis del espectro de frecuencias para las im�agenes de placas de

acero texturizadas bajo la aplicaci�on de la transformada discreta de Fourier. Se descubri�o

que un autocodi�cador de reconstrucci�on entrenado con una funci�on de p�erdida que mide

la similitud estructural, proporciona las localizaciones m�as precisas de las anomal��as

super�ciales.

Palabras clave: Aprendizaje profundo, detecci�on de anomal��as, autoencoder, CNN,

similitud estructural.
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Abstract

Automated defect detection approach for production processes of patterned

steel plates using computer vision and deep learning

Anomaly detection is of great importance in the production of steel plates, in order to

guarantee that the products are defect-free. Various deep-learning approaches for

defect-detection in steel surfaces have emerged in the recent years, however, they are

mainly limited to plain steel surfaces. Furthermore, deep-learning-based anomaly detection

is still a challenging task if not enough training samples are available, which is often the

case in real world scenarios. As for patterned steel plates, the availability anomalous

samples is low, as productions are optimized to minimize the occurrence of defects. Hence,

the main purpose of this work is the determination of a suitable deep learning-based

method for the detection of surface anomalies in patterned steel plates. Several methods

were trained and compared in terms of segmentation ability and classi�cation accuracy. On

the one hand, a convolutional neural network pretrained on arti�cial defects was adapted

to images from a di�erent production line, of which only anomaly-free data was available

for training. On the other hand, an autoencoder was trained in a semi-supervised fashion

to reconstruct anomaly-free images, in order to identify defective regions by measuring the

reconstruction error. Moreover, an analysis of the frequency spectrum for images of

patterned steel plates under the application of discrete fourier transform is provided. It was

found out that a reconstructing autoencoder trained with a structural similarity loss

provided the most accurate localizations of surface anomalies.

Keywords: Deep learning, anomaly detection, autoencoders, CNN, structural

similarity
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1 Introduction

1.1. Motivation

Quality control plays an important role in industrial settings. It aims to verify that the

produced goods are defect-free, in order to avoid losses for the company, dissatisfaction of

the clients and prevent safety issues.

One typical method of quality control is surface inspection, which is used to �nd super�cial

irregularities, such as cracks, scratches or dents [36]. Traditionally, such quality related

inspection tasks are often carried out by human workers who are trained on detecting

complex surface anomalies [46]. But investigations have shown that automated solutions

also have great potential [13] [57]. The bene�ts of automated solutions are numerous: On

the one hand, surface inspection tasks are often monotonous and tiring. Hence, human

inspection is susceptible to errors, as defects can easily be overlooked due to fatigue or

distraction. In fact, observations have shown that humans present a failure rate of 20 % to

30 % in complex visual inspection tasks [42]. Automated systems are not in
uenced by

these and other individual factors, such as the inspector’s experience, visual acuity or

personal condition. On the other hand, automated systems have a 24/7 availability. Once

implemented, they can run for many years and save running costs.

Hence, it is not surprising that a lot of research has been carried out in the area of

automated defect detection. Many approaches focus on the analysis of 2D images of

produced goods [23] [28] [47] [54]. Therefore, the products are scanned with camera

systems and afterwards processed automatically by means of computer vision, a

sub-discipline of machine learning, that deals with the computational processing and

analysis of digital images in order to understand their content.

Traditional computer-vision methods, including structural, statistical, �lter-based or

model-based methods [53], focus on the manual extraction of signi�cant features. The

selection and application of these techniques require a lot of domain knowledge and a

profound understanding of the process.

More recently, deep learning architectures, which are based on neural networks, have

become a very popular tool for visual detection problems and an alternative to manual
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feature extraction techniques, as these architectures are able to learn relevant features

autonomously. Their growing popularity was enabled by the increasing computational

capacities of the recent years. Especially Convolutional Neural networks (CNNs) are widely

used in image processing tasks. Several investigations have shown that neural network

approaches can achieve promising results in image processing tasks or even outperform

traditional methods [49] [52].

One industrial sector, in which computer vision-based defect detection solutions are

applied, is the steel industry, for example for the inspection of steel strips and steel plates.

The German company IMS Messsysteme GmbH develops and manufactures camera

systems which monitor such steel production processes. Their systems are already capable

of detecting defects in plain steel plates, but are not yet developed to analyse structured

surfaces, such as patterned steel plates. Also in the scienti�c literature, the focus is mainly

drawn on plain steel surfaces, for which there can be found numerous publications (e.g. [13]

[18] [20] [26] [43] [27] [57]), whereas there is still a lack of information about automated

defect detection solutions for patterned steel.

This is taken as motivation to investigate the applicability of computer-vision techniques to

images in patterned steel plates, in order to detect anomalies in their surfaces. Hence, the

goal of this thesis is the development of a computer-vision based solution, which can detect

such anomalous regions in patterned steel plates. Following the current state of the art, the

focus is hereby set on deep-learning architectures.

The success of such deep learning methods is highly dependent on the availability of suitable

data. In anomaly detection tasks, a large image data set which contains both defect-free and

anomalous examples is the optimal case. However, in industrial defect detection problems,

the availability of such data is often limited, as the companies try to minimize the appearance

of defects. Hence, anomalous data is often scarce. For the realization of this work, an image

data set of patterned steel plates was collected, which faces the same problem, containing

almost no defective image samples. In order to overcome this problem, the main focus of

this work is the implementation of a semi-supervised deep-learning method, which can be

trained without anomalous data.

1.2. Problem formulation

Currently, automated defect detection in patterned steel plates, such as diamond plates, is

still a challenging task. This is due to their complex surface structure, for which existing

algorithms for plain steel defect detection based on gray level analysis methods and

thresholding can not be directly applied. Inhomogeneous lighting and dirt particles on the

camera lens complicate automatic detection even more. But recent investigations have
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shown that deep-learning algorithms obtain promising results in the area of texture

analysis [36] and anomaly detection [13] [18]. Inspired by this, a previous project closely

related to this work was realized by the author as master’s thesis at the University of

Duisburg-Essen to develop a supervised deep-learning approach for defect detection in

diamond plates.

However, the approach presents one great di�culty: the developed method is a supervised

deep-learning method, which depends heavily on the availability of both defective and

defect-free image samples. This is a problem, as defective data is di�cult to obtain. The

reasons are, on the one hand, that defects occur at very rare intervals and, on the other

hand, that the data captured by the camera systems is not necessarily saved for later use,

as this would require a lot of computational storage capacity. Consequently, the probability

that recording is activated precisely when a defect occurs, is so small, that the data sets

lack of su�cient defective images. In the previous work a workaround was found by

creating defective data synthetically. However, this solution is not ideal, as the creation of

suitable defective images is a laborious and time-consuming process that may require

manual adjustment to make the defects look realistic. It also complicates the adaptability

to other production lines, for which usually also no defective data is available and a

synthetical creation of defect data for each unknown production line is little practical.

Furthermore, it is di�cult to verify how good the arti�cial defect samples represent real

defects and hence, if they are an adequate instrument to train a system that is to be

applied in a real world scenario.

Consequently, the focus of this work is drawn on �nding a deep-learning algorithm for

patterned steel plates with a good adaptability to new production lines, which does not

depend on the creation of synthetical defect data for each production line. In this case,

semi-supervised deep learning methods, which do only require normal but no anomalous

data for training, are a suitable instrument. Inspired by publications on other anomaly

detection problems [5] [4] [25] several deep learning methods were elaborated and the

performance on anomaly detection in patterned steel plates evaluated with the aim to

integrate the best solution into existing vision-based defect inspection systems of the IMS

Messsysteme GmbH.

1.3. Aims

This work aims to contribute a comparison of deep-learning based computer vision

solutions, which can automate the defect detection in patterned steel plates. Hence, this

work provides a promising approach for the optimization of quality control in steel

production. Several architectures were investigated and evaluated. In the industrial

context, this is interesting for the companies that desire to improve their production
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processes. From the investigational point of view, the aim of this work is to present

advances in semi-supervised deep learning, exploring suitable methods on a patterned steel

product, which is so far not widely investigated. To reach this goal, this work presents the

following contributions:

General objective: Development of deep-learning based solution for the defect detection

in patterned steel plates, which is easily adaptable to unknown data of di�erent production

lines and only depends on anomaly-free data.

Specific objectives:

Selection, implementation and evaluation of di�erent deep-learning approaches:

• Transfer learning with only anomaly-free data of a pretrained supervised

architecture,

• Investigation on semi-supervised deep-learning architectures, which can be trained

on exclusively defect-free data from scratch,

Analysis and optimization of the investigated approach by varying the deep learning

parameters,

Systematic evaluation of the di�erent approaches.



2 Background

In this chapter, some relevant background information related to defect detection in

patterned steel plates is provided. A short introduction to the production process of

patterned steel is given. Furthermore, a literature review provides an overview over

signi�cant work that has already been published in the �eld of surface defect detection and

the concepts of supervised, semi-supervised and unsupervised learning are introduced.

Finally, a general summary of preceding work related to defect detection in patterned steel

plates carried out by the author of this work, as master’s thesis for the University of

Duisburg-Essen, is presented at the end of this chapter.

2.1. Introduction to the production of patterned steel

Patterned steel plates, also known as diamond plates, checker plates or 
oor plates, are a

steel product with diamond or teardrop shaped elevations. This texture gives the plates their

anti-slip properties, for which they are often used as anti-slip 
oors.

According to the German norm DIN EN 10363 [11] \Continuously hot-rolled patterned steel

strip and plate/sheet cut from wide strip - Tolerances on dimensions and shape", there exist

three designs of steel diamond plates, with either a diamond/rhombus pattern (type R) or

a teardrop-shaped pattern (type T and A, of which one has teardrops with sharp and the

other with 
attened corners). An example for both a teardrop patterned and a diamond

patterned plate is given in Figure 2-1.

(a) Teardrop pattern (b) Diamond pattern

Figure 2-1: Example of two di�erent designs of patterned steel plates, design T and design

R according to DIN EN 10363
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The steel plates are usually produced in a hot rolling process, during which steel is pressed

into the desired shape in by a rolling mill at high temperatures. In such processes, steel plates

with lengths of several hundred meters or even various kilometers length can be produced

continuously. The systems of the IMS Messsysteme GmbH are designed to be installed as

part of the production line, in order to scan the plates directly after rolling. The plates are

passed through the camera system and can be scanned from both the top and the bottom.

Several line scan cameras are installed in a row in order to capture the whole width of the

steel plates. Figure 2-2 shows a simpli�ed schematic representation of the scanning process

with several cameras scanning the top side of a patterned plate.

Figure 2-2: Schematic representation of the scanning process of patterned steel plates by

parallelly installed line scan cameras

2.2. Basic Concepts

2.2.1. Computer vision

Computer vision is a scienti�c �eld that deals with the extraction of meaningful

characteristics from images or videos [10]. Traditional computer vision methods focus on

the manual feature extraction from the images. The extracted features, also called
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hand-crafted features, can then be combined with classi�ers like SVM [45], decision trees or

random forest classi�ers [7]. Many modern approaches apply arti�cial neural networks,

which are able to learn relevant features and classi�cation tasks automatically.

2.2.2. Machine Learning and Deep Learning

Machine Learning can be described as an application of arti�cial intelligence that can

\automatically learn and improve from experience without being explicitly programmed to

do so" [29]. Within this �eld, deep learning is a sub-discipline of machine learning, which

makes use of deep neural networks in order to solve machine learning tasks. Neural

networks which are considered as \deep", consist of multiple trainable layers. This enables

the network to learn highly complex characteristics and �nd complex patterns and

structures in the exploited data [14]. Some typical applications of deep learning are speech

recognition, autonomous driving, fraud detection [8] or computer vision including defect

detection [5].

2.2.3. Convolutional Neural networks

Within computer vision tasks, Convolutional Neural Networks (CNNs) are a widely used

network type, being named after the convolutional layers they are composed of. These

layers consist of a trainable kernel, which is stridden over the layer’s input, e.g. a 2D or 3D

image, producing an output called feature maps [35]. Their kernels allow the network to

extract meaningful features while maintaining the number of trainable parameters

relatively low in comparison to other layer types such as fully connected layers. A CNN can

be used for di�erent image processing tasks, for example image classi�cation or image

segmentation.

Classification networks: Classi�cation networks are used to classify the images into

di�erent categories or classes by assigning a label or classi�cation score to each input

image.

Segmentation Networks: Segmentation networks are used to localize objects in an image.

In contrast to classi�cation networks, which output a single class label for the whole image,

the segmentation network returns a mask that labels every pixel of an image and assigns it

to a certain class [35].

2.2.4. Autoencoders

Autoencoders are a special type of neural network that consist of an encoding and a

decoding part. The encoder is used to create a compressed representation of the input

data, usually for dimensionality reduction [1]. The decoder tries to reconstruct the original
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input from the reduced encoded representation. Both the encoder and the decoder can

consist of multiple trainable layers. If the network layers are convolutional layers, the

network is called Convolutional Autoencoder (CAE) [56]. They are commonly used in

image segmentation or image reconstruction.

2.2.5. Anomaly Detection and Surface Defect Detection

Anomaly detection describes the process of identifying untypical data points whose

characteristics di�er from the normal data [58]. Surface defect detection, on the other

hand, describes the identi�cation of anomalies in the surface structure of materials or

objects. Many surface defect detection methods focus on computer vision. While some

approaches are based on neural networks, others use more traditional techniques, where

signi�cant features are extracted manually instead of being self-learned by the system [53].

Surface defect detection can be considered a type of anomaly detection, when classifying

into defective and defect-free. Other approaches aim to distinguish between di�erent types

of defects [13] [18].

2.2.6. Anomaly Detection Techniques

Depending on the available data, anomaly detection techniques can be roughly classi�ed

into three groups, namely supervised, semi-supervised and unsupervised methods [8]. In

anomaly detection, a data sample can be either normal or anomalous.

Supervised: Supervised algorithms for anomaly detection require labelled training data of

both the normal as well as the anomalous class. This means, that for each training data

sample the desired result is known and the network is trained on predicting a result that is

as close as possible to the desired result.

Unsupervised: Unsupervised learning techniques do not require any labelled data. This

has the bene�t that the laborious labelling process can be avoided. The system is trained

on data samples of which it is not known if they are normal or anomalous, however, making

the assumption that normal samples are much more frequent than anomalous samples [8].

Semi-supervised: Semi-supervised methods depend only partially on labelled data. In the

context of anomaly detection, it is often assumed that there is only labelled normal data, but

no labelled anomalous data [8]. Such as unsupervised learning, these techniques are useful if

anomalous data is hard to obtain, which is often the case in industrial use-cases.
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2.3. Literature review

Automated defect detection in industrial settings has been widely investigated [53] and

applied to many use cases, such as surface inspection of LED chips [24], wood [38], textiles

[17] [33], or metals [54]. Within the latter, Neogi et al. [32] provide an overview over several

defect detection and classi�cation methods for the steel industry.

2.3.1. Supervised approaches

A great variety of di�erent approaches has been proposed for supervised anomaly detection

in steels and other materials. While Paulraj et. al [34] provided a technique for crack

identi�cation in steel plates based on vibration analysis, many other methods focus on

computer-vision [13] [18]. An Inception-V4 [9] based CNN architecture for the classi�cation

of di�erent defect types in hot rolled steel plates and steel strips was presented by He et al.

[13], achieving classi�cation results of around 95 %. Zhou et al. [57] proposed a very simple

network combining convolutional and pooling layers to classify self-collected images of

seven defect types in hot-rolled steel sheets, achieving classi�cation error rates of just

0,63 %. Another approach, based on Local Binary Patterns combined with nearest neighbor

and SVM classi�ers was developed by Song et al. [43]. They introduced the NEU dataset,

which contains images of six defect types from hot rolled steel plates.

The same dataset was used by He et al. [18], who extracted features of di�erent scales from

various layers of a pretrained CNN architecture and combined the features in a neural

network they called multifeature network. In contrast to the previous mentioned

approaches, their method is not only used for the classi�cation of images, but also to

segment the defect areas within the images. Another deep learning method for both

segmentation and classi�cation that was tested on the NEU-dataset, was based on a CNN

architecture named DeCaf [38] and achieved classi�cation accuracies of 99.27 %. Huang et

al. [20] used a dataset named SD-saliency-900, which contains 900 images of three defect

types in hot rolled steel strips, to test a CNN with depth-wise convolutions for

segmentation based on U-Net, an architecture that was introduced in a biomedical context

by Ronneberger et al. [39] for the segmentation of neural cell structures. This architecture

has become widely adopted for image segmentation problems, especially in the medical

sector [16] [44]. The U-Net with depthwise convolutions achieved good segmentation results

of steel defects in comparison with other variations of U-Net.

However, the aforementioned methods were tested on images of plain surfaces. Attempts

for anomaly detection on structured surfaces applying CNNs were proposed by Weimer et

al. [52], Huang et al. [19] or Racki et al. [36], who tested their models on the DAGM

dataset, a synthetically created image collection which contains 10 types of di�erent
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textures, each providing normal and anomalous images. Racki et al [36] proposed a

two-stage segmentation and classi�cation network, based on a light-weight architecture

that requires low computational costs. Their architecture was re�ned by Tabernik et al [46]

and Bozic et al. [6] and tested on a dataset of electrical commutators as well as on another

dataset of plain steel surface images named Severstal steel dataset.

Other investigations on textured structures were published for the textile sector. Li et al.

[23] combine several small CNN architectures to a wide but compact network, in order to

detect typical fabric defects. With another fabric dataset, Zhang et al. [55] tested several

network architectures based on YOLO [37], a well known network for image segmentation. A

method for defect classi�cation which requires only a small amount of samples was proposed

by Wei et al. [51]. However, although the amount of defective samples can be small for some

approaches, all of the methods require defect samples for training. In order to overcome this

problem, unsupervised or semi-supervised methods can be more suitable.

2.3.2. Unsupervised approaches

Unsupervised approaches, which do not require labelling of images, are often based on

autoencoders. In a setting where defective samples are rare or not available, the

autoencoder learns a feature representation that can reconstruct the pattern of defect-free

samples and fails to reconstruct defective anomalies [25]. An architecture for patterned

fabric anomaly detection was proposed by Mei et al. [28], who trained an architecture of

stacked autoencoders on di�erent levels of a gaussian pyramid.

In another approach an autoencoder was trained with an optimized loss function, adding

some regularizers to it, in order to minimize the distance and restrict the spread range of

defect-free samples [47]. It was trained on the MVTecAD dataset, an image collection of 15

sub-datasets of di�erent patterns and objects, such as carpet, grid, bottleneck or screws [3]

[2] collected by Bergmann et al. The dataset was tailored to unsupervised anomaly detection.

Each sub-dataset consists of solely defect-free samples for training and both defect-free and

defective samples and their corresponding ground truths for testing. The creators of this

dataset themselves proposed two unsupervised deep learning approaches, which they tested

on the dataset. On the one hand, they proposed to train a convolutional autoencoder with a

structural similarity loss function, which encourages the network to minimize the di�erences

in mean value, variance and covariance between the input image and its reconstruction [5].

They could show that this method let to improved results in comparison with the widely

used L2-loss, which minimizes the squared di�erence between each pixel of the input image

and its reconstruction. On the other hand, they proposed an approach where several student

networks learn to predict the output of a pretrained teacher network. It is based on the idea

that the student networks, which were only trained on regressing anomaly-free samples, fail
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to reconstruct the teachers output for anomalous samples. The authors tested their methods

against various unsupervised deep learning approaches [3]. One of these approaches was

designed to extract features of good data with a CNN and cluster them in a dictionary,

�nding anomalies by checking how much a test sample deviates from the learned features

in the dictionary [30]. Other approaches proposed by Schlegl et al. [41] [40] were based on

General Adversarial Networks (GAN) and originally introduced in the context of medical

image processing. GANs consist of a generator and a discriminator, which are trained in

an adversarial way, such that the generator learns to create real looking images, while the

discriminator is trained to distinguish between real images and the generator’s fake images.

In comparison to these network types, both the student-teacher network [4], as well as the

SSIM autoencoder [5] performed well in their respective comparative analyses.

2.3.3. Semi-supervised approaches

The MVTec dataset was further adapted to several semi-supervised learning approaches

[25] [31] [48], which were also based on autoencoders. Liu et al. [25] designed an

encoder-decoder-encoder structure, where the reconstructed image of the decoder is

encoded again into a latent vector. A residual of the two latent vectors of both the input

image and the reconstructed image was taken as a measure for the presence of anomalies.

Wang et al. [48] proposed an autoencoder, where the ideal dimension of the latent space is

determined by a probability model. Both Liu et al. [25] and Wang et al. [48] trained their

models on solely defect-free data. Napoletano et al. [31] extended the autoencoder

structure by interposing a normality pass �lter between the encoder and the decoder in

order to �lter out anomalous features. They detected anomalies by comparing the output

of an autoencoder with and an autoencoder without a normality pass �lter. The

autoencoder was trained primarily on a large independent image database and then

adapted on only defect-free samples.

Other approaches apply another concept of semi-supervised learning. Instead of relating it

to the presence of only the anomaly-free images, it is related to the kind of training

procedure, which is partially executed in an unsupervised manner, and partially in a

supervised manner. One example is the classi�cation approach by He et al [12], who

trained an autoencoder in an unsupervised manner on defect images in steel strips and

steel plates, in order to extract signi�cant features and then use the feature vector of the

encoder as a discriminator which can classify di�erent defect types, which was further

trained in a supervised manner.

An example from the textile industry was provided by Li et al. [22]. Two stacked

autoencoders were trained, one of them on positive and negative samples and the other on

only negative samples, using the residual of their outputs for defect localization. The
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autoencoders were �rstly pretrained in an unsupervised manner before being stacked and

�ne-tuned on a labelled dataset. Although being designed for use cases with limited

defective samples, the availability for at least some defective samples is crucial for this

approach.

The above mentioned approaches provide a wide overview over the current state of the art

with respect to anomaly detection in both plain as well as several patterned and structured

surfaces. The introduction of the MVTecAD dataset as well as the corresponding

investigations by Bergmann et al. [5] [3] provide a good baseline for anomaly detection

approaches which can even be trained without anomalous images. However, the approaches

do not cover investigations on patterned steel plates. For this reason, this work focuses

precisely on patterned steel anomaly detection. Inspired by the investigation of Bergmann

et al. [3] semi-supervised autoencoders are investigated as optional method. They are

compared to the adaption of a supervisedly trained architecture which was developed in

some pre-work by the author. It di�ers from the focus of this work by having been trained

on arti�cially created defect data and is further introduced in the following section.

2.4. Previous work

Prior to this work, a supervised deep learning method for the detection of defects in patterned

steel plates has been elaborated. Inspired by the architecture of Racki et al. [36] a CNN-

based network structure was implemented that produces two outputs: a segmentation map,

which provides a pixel-wise location of defects and a classi�cation score, which labels an

analysed image as either defect-free or defective. As only defect-free image material was

available, a synthetical data set of defective images was generated by merging error-free

images of patterned steel plates with images of defective regions from plain steel plates. A

special attention was drawn to periodic defects, which are errors that repeat themselves at a

certain interval, for example because of a defect in the cylindric steel roller. They are of high

interest, as these types of errors can damage the whole production batch. The developed

network structure showed very good results in terms of defect localization and classi�cation,

with a classi�cation accuracy from over 99 % in detecting defects and over 95 % in detecting if

their occurrence is periodic. The part of that approach which covers the CNN-based anomaly

detection is presented in more detail in the following sections.

2.4.1. Data preparation

For the realization of the work, two image datasets of patterned steel from industrial

production lines were available, both of them depicting the teardrop shaped pattern (see

section 2.1). The data, which was provided in the form of .avi video �les, was cut into

image patches of size 512x512 pixels and 256x256 pixels respectively. As the provided data
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did not contain defective image samples, defects were inserted synthetically into some of

the image patches. For this task, a dataset of defects in plain steel plates was used. The

defect regions in the plain steel images were labelled, cut out and inserted into a random

position in the patterned steel image. The steps are shown in �gures 2-3 and 2-4. Vertical

and horizontal 
ipping and 180° rotating was applied as data augmentation, such that a

total of 1756 defect images could be created. Together with the resulting defect patch

(Figure 2-4a), a ground truth image (Figure 2-4b) showing the location of a defect was

created.

(a) original defect image (b) labelled defect region (c) defective area cut out

Figure 2-3: Defect labelling

(a) (b)

Figure 2-4: (a) Defect inserted into a patterned steel image (b) Ground truth

2.4.2. Architecture

The baseline for the deep learning approach was the two-stage CompactCNN architecture

introduced by Racki et al. [36]. The �rst stage was designed to return a segmentation map

which shows the location of a defect in the input image. If no defect is present in the

image, the network returns a segmentation map in which all values are close to zero. The

segmentation stage consists of nine convolutional layers clustered into three blocks and one

additional convolutional layer, which returns the segmentation map. Within the blocks,

every convolutional layer is followed by batch normalization and a recti�ed liear unit

(ReLU) activation function. The �nal layer is followed by a hyperbolic tangent (tanh)

activation function. In each block, the number of feature maps is doubled. The height and

width of the features is reduced by half in the �rst and second block by applying a stride of
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2 in the block’s �rst convolutional layers. Hence, the total height and width of the output

segmentation map is reduced to a quarter of the input image size.

The second stage was designed to return a classi�cation score, which classi�es an image as

defect-free or defective. Both the outputs from the penultimate and the ultimate layer of

the segmentation stage are used as input for this stage. The outputs from the penultimate

layer are passed through another convolutional layer which returns 32 feature maps. Global

max-pooling and global average pooling is performed on these feature maps and on the

output from the last segmentation layer. The results are concatenated and passed through

a fully connected layer to return one single classi�cation score. The score denotes the

probability that an image is defective, being 0 the lowest and 1 the highest probability. The

whole architecture of the CompactCNN is shown in Figure 2-5.

Figure 2-5: CompactCNN network architecture

The original CompactCNN architecture was compared to a modi�ed CompactCNN

architecture, in which the segmentation stage was replaced by a CNN called U-Net [39].

This network was originally developed for biomedical image processing, in order to segment

neural cell structures. It consists of a contracting path and an expanding path. The

contracting path is made of �ve convolutional blocks with two convolutional layers each.

The number of features is doubled in each block, while the height and width is halved by a

max-pooling operation with a stride of 2 after each block except for the last one. The four

blocks of the expanding path are the counterpart of the contracting path, in which the

number of features is halved in each block while their width and height is doubled by a 2x2

upsampling operation. Furthermore, there are skip connections between the blocks of the

contracting path and the corresponding blocks of the expanding path. This means that the

blocks in the expanding path receive two inputs: the output from the previous block as well

as the output from their counterpart in the contracting path. Both inputs are concatenated

before being passed into the �rst convolutional layer of the block. Just as in the
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CompactCNN, the blocks are followed by one last convolutional layer that returns one

single feature map, which is the desired segmentation map. Each convolutional layer is

followed by batch norm and ReLU activation, except for the last layer that uses tanh as

activation, just as in the original CompactCNN. A combination of the CNN with U-Net as

segmentation network is depicted in Figure 2-6.

Figure 2-6: Combined network consisting of U-Net and the CompactCNN classi�cation

stage

For both architectures, the two stages were trained separately. For training of both stages

the Adadelta optimizer with default settings was used. Firstly, the segmentation stage was

trained, in order provide meaningful segmentation maps that can be used for classi�cation

training. Especially for the segmentation stage, several hyperparameters were varied, such

as:

the number of training epochs,

the loss function,

the patch size of the input images,

the number of training samples.

The segmentation stage worked best when trained to minimize a mean squared error (MSE)

loss function according to Equation 2-1. The losses are computed per image batch, where B

denotes the number of images in the batch. M and N denote the the number of pixels in

vertical and horizontal direction, xb the label value from the ground truth for sample b at
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pixel position i; j and x̂b the predicted pixel value. Accordingly, the segmentation stage loss

function calculates a pixel-wise loss. The ground truth labels are in the value set f0,1g.

Ls =
1

BMN

BX
b=1

MX
i=1

NX
j=1




xhi;jib � x̂hi;jib




2

(2-1)

The classi�cation stage was trained for 10 epochs with a binary cross-entropy (BCE) loss:

LC =
1

B

BX
b=1

[yblog(ŷb) + (1� yb)log(1� ŷb)] (2-2)

Again, B denotes the number of samples, yb the ground truth label of sample b, which is

either 0 or 1, and ŷb the predicted label.

The segmentation stage was either trained on only defective samples or on both defect-free

and defective samples with a ratio of 1:1 or 1:3 (defective : defect-free), where the number

of defective samples was �xed to 1756. When segmentation training was performed on only

defective samples, the classi�cation training was performed on a 1:1 ratio, in order provide

some defect-free samples for teaching the network to distinguish between the two types of

images. In the other cases the ratios for segmentation and classi�cation were the same.

2.4.3. Evaluation of previous work

In general, the U-Net architecture performed better on image segmentation than the

CompactCNN segmentation stage, o�ering a more precise pixel based localization of the

defective area. This is not surprising, as the U-Net is the deeper architecture with more

trainable parameters.

It was further found out that a 25 epoch training was su�cient, as a longer training on 100

epochs did not lead to a signi�cant improvement of segmentation results. Furthermore,

training tended to work best when the segmentation stage was trained on a mix of

defect-free and defective images.

The best results for each dataset and each image size are summarized in tables 2-1 and 2-2

when trained on the CompactCNN architecture and the combined U-Net+CompactCNN

architecture. Table 2-1 shows the AUC-score as a measure for the segmentation performance

of the network. The AUC-score gives information on how well the defective and the defect-

free pixels in the images can be separated. Its score ranges from 0 to 1, being 1 the optimal

score.
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Table 2-1: Segmentation results: AUC Score for di�erent datasets and image sizes

Network Dataset 1 Dataset 2

256x256 512x512 256x256 512x512

CompactCNN 0.9942 0.9889 0.9912 0.9958

U-Net + CompactCNN 0.9986 0.9967 0.9993 0.9976

Table 2-2 shows the classi�cation accuracy, which denotes the ratio of correctly classi�ed

images among all tested images. A further description of both the AUC and the accuracy

metric is given in chapter 3.3. In all the cases the U-Net based architecture outperformed

the CompactCNN with AUC-scores and classi�cation accuracies of over 99,5.

Table 2-2: Classi�cation accuracies for di�erent datasets and image sizes

Network Dataset 1 Dataset 2

256x256 512x512 256x256 512x512

CompactCNN 0.9942 0.9889 0.9912 0.9958

U-Net + CompactCNN 0.9986 0.9967 0.9993 0.9976

A visualization of the predictions from both the CompactCNN and the U-Net+CompactCNN

is given in Figure 2-7.

Figure 2-7: Examples of network outputs for CompactCNN and U-Net+CompactCNN.

From left to right: Input image, ground truth, CompactCNN prediction, U-

Net + CompactCNN prediction
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Although the images are originally grayscale images, a colormap ranging from dark purple

to yellow was chosen for a clearer indication of the di�erent shades in the predictions. The

images show, how the U-Net segmentation maps provide a clearer localization of the defective

areas, whereas the prediction of the CompactCNN is rather weak. The score on the top of the

images indicates the probability that the analyzed image is defective, being 1 the maximum

probability.
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This chapter provides information on the methodology applied to detect anomalies in

patterned steel plates under the assumption that no defect data is available from the

production lines under investigation. This is the main di�erence to the previously

introduced work. The chapter is structured as follows: Firstly, a description of the available

image data is given. Afterwards, the investigated methods are describes in detail. Finally,

the metrics used for evaluation of the methods are explained and the implementation

details are provided.

3.1. Available Data

Grayscale 2D images from �ve di�erent production batches were collected to conduct the

experiments. Four of these represent a teardrop shaped pattern according to Figure 2-1 and

the last one a diamond shaped pattern. The data was cropped into patches of size 256 x 256

pixels. A representative image collection of 2000 defect-free images per dataset was chosen

as training set. The test datasets contain 200 images each, of which one half is composed

of anomaly-free images and the other half of anomalous images. Whenever real anomalies

could be found in the image material, they were included into the test set. For the datasets

with no or not su�cient real anomalous data, the anomalous test data was complemented

with arti�cial defect data created with the same method introduced in chapter 2.4.1. Figure

3-1 shows one anomaly-free (green margin) and one anomalous image as well as a close-up

of the defect region (red margin) from each dataset.

Datasets

1) Teardrop 1: The �rst teardrop test set contains 50 real and 50 arti�cial anomalous

images. The real anomalous data mainly depicts several defective regions that occurred

periodically as well as some other irregularities found in the image material.

2) Teardrop 2: The image material for the second dataset does not contain any real

anomalies, such that defects were added synthetically.
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3) Teardrop 3: Noteworthy is the inhomogeneous background texture of this dataset,

which appears in many of the anomaly-free images. This makes the distinguishability

between non-defective and defective textures more di�cult. As for the previous mentioned

dataset, all anomalous images were created arti�cially.

4) Teardrop 4: This dataset also exhibits a rather inhomogeneous background structure.

Large parts of the available image material were excluded due to excessive amount of

impurities in front of the camera lenses. Some smaller impurities such as watermarks were

included into the test set (Figure 3-1d). They are not a production defect, but still they

should be detected as anomalies by automated deep-learning solutions.

5) Diamond: This dataset di�ers from the others in the type of pattern. The defects were

inserted arti�cially.

(a) (b) (c) (d) (e)

Figure 3-1: Example images for each dataset from left to right: (a) Teardrop1, (b)

Teardrop2, (c) Teardrop3, (d) Teardrop4, (e) Diamond. The top row shows

a defect-free, the two bottom rows a defective sample and a close-up of the

defective region
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3.2. Methods

3.2.1. Transfer learning on U-Net

As the previously introduced U-Net architecture provided very accurate segmentation results

when it was trained in a supervised manner, it was tested to do a transfer learning on this

architecture with the aim to adapt the network to the images of a di�erent production line,

of which only good data is available. This method is not semi-supervised as it assumes that

of at least one production line there are defective images available to serve as a pretraining

dataset. However, once this condition is ful�lled, no defect data of other production lines

shall be needed for the adaptation. In our case, the teardrop 2 dataset was used as pretraining

dataset. It was modi�ed in a way that arti�cial defects were inserted into half of the training

images applying the same method as introduced in Chapter 2.4.1. That way, 1000 defective

and 1000 defect-free samples were obtained for training. It was taken care that none of the

arti�cial defects for training appeared in the test datasets. The network architecture was

pretrained on that dataset, in order to learn to extract meaningful characteristics which

de�ne the defective areas. Pretraining was done in the same way as mentioned in chapter

2.4.2 for 25 epochs with an MSE loss function and Adadelta optimizer. After pretraining,

the parameters learned by the network were kept and the data was mixed with exclusively

defect-free data of another production line. In these experiments, the teardrop 1 dataset

served as the anomaly-free transfer learning dataset, to which the network should adapt.

Training was carried out for another 5 epochs. The performance of the adapted network

architecture was measured on the test images of the teadrop 1 dataset.

3.2.2. L2 and SSIM Autoencoder

As autoencoders are a common tool for semi- and unsupervised learning and have shown

superior results in anomaly detection than other approaches, such as GANs [3], an

autoencoder architecture was tested on the patterned steel dataset. The architecture and

training procedure were adapted from the publications of Bergmann et al. [5] [3]. 10.000

randomly cropped image patches of size 128x128 were created from the training dataset

with images of size 256x256. These patches were used to train the autoencoder, whose

architecture is shown in Figure 3-2.

The encoding part consists of nine convolutional layers of which some have a stride of 2, in

order to reduce the output feature size. The stride de�nes the distances at which the layer’s

kernel is applied to the input image, meaning that for a stride of 2 the kernel is applied every

second pixel. The last layer of the encoding part is a latent vector of variable size z. In our

experiments the latent vector’s size is set to z = 100 by default. The decoding path is the

inverse version of the encoding path using deconvolutions in order to upscale the features.

Every convolutional layer is followed by a LeakyReLU activation function with slope 0.2,
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Figure 3-2: Network structure of the L2 and SSIM Autoencoder

except for the last layers of both the encoder and the decoder, which use a linear activation

function and a sigmoid activation function respectively.

Training

An Adam optimizer with an initial learning rate of 2 � 10�4 and a weight decay of 10�5 was

used for training, which was carried out for 200 epochs. From the 2000 images contained in

the training dataset, 80 % were used for training and the other 20 % for validation.

The architecture was trained with two di�erent loss functions: On the one hand with a

squared L2 loss, on the other hand with a structural similarity loss. The L2 loss computes

the squared di�erence between input image and the reconstruction image at each pixel [5].

The resulting di�erence image is called residual map. To apply it as a loss function, which

requires a single scalar value, the results over all the pixels were averaged. This is also

known as mean squared error, as introduced in Equation 2-1. In the following sections, the

non-squared version of the di�erence image is referred to as L2 residual map.

The structural similarity [50] of two image patches p and q is a measure of luminance

l(p; q), contrast c(p; q) and structure s(p; q), where the luminance is a function of the mean

intensities �, the contrast of the variance � and the structure of the covariance �pq of p and

q:

l(p; q) =
2�p�q + c1

�2
p + �2

q + c1

(3-1)

c(p; q) =
2�p�q + c2

�2
p + �2

q + c2

(3-2)
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s(p; q) =
�pq + c2

2�2
p�

2
q + c2

(3-3)

SSIM(p; q) = l(p; q)�c(p; q)�s(p; q)
 (3-4)

�, � and 
 de�ne the weighting of each component. If they are set equal to 1, the components

can be substituted and the structural similarity can be expressed as:

SSIM(p; q) =
(2�p�q + c1)(�pq + c2)

(�2
p + �2

q + c1)(2�p�q + c2)
(3-5)

The constants c1 and c3 are set to c1 = 0;01 and c2 = 0;03 by default. p denotes a window of

size K x K in the input image, while q denotes the corresponding window of the same size in

the reconstruction image. By default, K is set to 11 [5]. The windows are slid over the images,

i.e. displaced pixel per pixel, and the SSIM score is computed for every possible position.

This creates a residual map with the same height and width as the input and reconstruction

image. The values of the SSIM index range between -1 and 1, where -1 indicates a low

similarity and 1 a high similarity. In order to obtain a function that can be minimized,

1�SSIM is computed. When applied as a loss function, the mean is calculated over all the

values in the residual map.

Thresholding

The residual maps were also used as evaluation criterion, in order to decide if an area is

anomalous or not. A location is considered to be anomalous, if the residual exceeds a certain

threshold. The threshold is to be selected, such that it accurately separates the values of

the anomalous areas from the values of the anomaly-free areas, though de�ning a suitable

threshold based on only anomaly-free data is challenging. Under the assumption that an

anomaly-free region should produce a smaller residual than an anomalous region, one could

attempt to choose biggest residual value among the good data as threshold, such that 100 %

of the anomaly-free pixels fall below it. However, this selection is very sensitive to outliers

and noise. Hence, it is more robust to choose a threshold, which allows a certain percentage

of outliers among the good data. By default, we chose a threshold which located 98 % of the

anomaly-free data below the threshold and allowed an outlier rate of 2 %. In statistical terms,

this threshold can be described as the 98th percentile of the data. The threshold was selected

as the 98th percentile of the anomaly-free validation data. Other percentile selections were

also investigated within the experiment.
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Testing

During testing, a prediction on the images from the test data was executed, in order to

obtain their reconstruction. As the test images have a size of 265x256, but the network takes

an input of size 128x128, the input images were predicted section-wise. It would be possible

to apply a stride of 128, i.e. to execute one prediction every 128 pixels, such that one section

begins precisely where the previous one ends. However, according to Bergmann et al. [5],

it results more bene�cial to choose overlapping sections, as the reconstructions produced

by network can vary slightly with their spatial location. Therefore, a reconstruction was

predicted every 32 pixels and the overlapping reconstructions were averaged. Afterwards,

the L2 and SSIM residual maps were calculated based on the averaged reconstructions and

the thresholds determined. For the autoencoder trained on the L2 loss, the L2 residual map

was thresholded during evaluation. For the SSIM autoencoder both the L2 and the SSIM

residuals were computed.

Post-Processing

After thresholding, the segmented areas were post-processed, in order to eliminate single

pixels or small areas, whose values surpass the thresholds, although they are just caused

by outliers or noise. Their elimination was carried out with an opening operation. Opening

is a morphological operation which removes small areas from an image - in this case from

the thresholded residual map - while preserving larger objects. Openings require a structural

element, e.g. a small rectangle or a disk, which can be slid over the residual map. Any element

so small that it can be completely covered by the structuring element, is removed from the

image. Following the proposal of Bergmann et al. [3] a circular structuring element (disk)

was used. For the experiments in this work, a default disk radius of 4 pixels was applied.

3.2.3. Excursus: Analysis of Frequency Spectrum

The analysis of the frequency spectrum is a common tool in image processing, which can

be useful for a variety of applications such as �ltering or image reconstruction. Images can

be transformed into the frequency domain by applying Fourier transform, a technique which

decomposes an image into its sine and cosine components. For 2D images, a 2-dimensional

discrete Fourier transform is applied. It represents the image by a �xed number of frequencies,

which corresponds to the number of pixels. The mathematical expression for the 2D discrete

Fourier transform [15] for an image of size M x N is given as:

F (u; v) =
M�1X
i=0

N�1X
j=0

f(i; j)e�{2�
ui
M

+ vj
N (3-6)

F (u; v) denotes the representation of the image in the frequency domain, which is a
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function of the horizontal and vertical frequencies u and v. f(i; j) describes the image in

spatial domain as a function of the pixel positions i and j. M is the number of rows and N

the number of columns. The resulting function is conformed of complex numbers, which

consist of a real part R and an imaginary part I. The imaginary unit is denoted with {. In

order to visualize the magnitudes of the frequencies u and v, the amplitudes of the complex

numbers can be calculated. Representing a complex number by their amplitude and angle

is an alternative to representing it by its real and imaginary component. The amplitudes

jF (u; v)j and angles �(u; v) can be calculated as shown in equations 3-7 and 3-8. The

logarithmic term is introduced to the amplitude spectrum in order to better capture and

visualize the extremely big value range of the amplitudes.

jF (u; v)j = log(
p
R2(u; v) + I2(u; v)) (3-7)

�(u; v) = tan�1 I(u; v)

R(u; v)
(3-8)

For highly repetitive structures, such as the patterned steel plates, the images are usually

characterised by a very speci�c set of frequencies, which can be identi�ed in the frequency

domain. Figure 3-3 visualizes the magnitude spectrum for an example image from each of

the �ve datasets.

(a) Teardrop 1 (b) Teardrop 2 (c) Teardrop 3 (d) Teardrop 4 (e) Diamond

Figure 3-3: Magnitude spectrum in frequency domain for all datasets. Top row: image in

spatial domain, Bottom row: frequency spectrum

The frequency images show how the frequency spectra vary with the data sets. The dark

areas in the images correspond to frequencies with low amplitudes and the light areas to

high amplitudes. The teardrop-shaped images possess a narrow frequency spectrum in




