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Abstract

Additive manufacturing, the process of producing parts from 3D models in a layer-to-
layer process, has seen an enormous growth in recent years. However, consistently
producing high quality part remains challenging. One possible anomaly affecting the
output quality during the printing process is recoater streaking. Different detection
models have been proposed in literature with varying levels of proficiency. However,
a thorough comparison of these models is lacking. Moreover, every model is only
tested and tailored to their own specific datasets. In this research, these different
detection models have been implemented and compared to get a better overview of
the advantages and disadvantages of each model. Furthermore, an existing method
has been improved to make it more general applicable and a tried and tested pre-
processing step has been introduced to this application. All tested models score
>96% accuracy, but three models outperformed the others and these three all ex-
ceed in a single metric. Therefore, it depends on which metrics are deemed most
important which model is regarded as the highest performing model.
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Chapter 1

Introduction

1.1 Problem description

Additive manufacturing (AM), the process of producing parts from 3D models, has

seen an enormous growth in recent years. This is mainly because, when compared

to traditional manufacturing, designing a new model is substantially faster [1]. Ad-

ditionally, more complex geometries are possible, and it needs signi�cantly fewer

materials. These properties make it promising for aerospace and medical applica-

tions [2], as well as rapid prototyping and producing critical parts on-site [3].

However, these industries require a high degree of quality assurance and pro-

cess reliability, which are dif�cult to achieve [1]. Analysing the quality of the printed

part afterwards is possible but very costly, and it does not improve the quality nor

does it guarantee it. Early warning systems that tell about the presence of anoma-

lies during the printing process are necessary to save resources as a small deviation

during the printing process can have a big impact on the �nal part quality [4].

Some AM processes work by fusing powder together and printing a part layer by

layer. For each layer, powder is spread over a build plate and fused together with a

laser into a two-dimensional part cross-section, this is repeated until the complete

part is printed. More information about these processes can be found in Section

Figure 1.1: The printer studied in this research, the MetalFab1 from [5].

1



1.1. PROBLEM DESCRIPTION 2

2.1 and Figure 1.1 shows a printer that works according to this process. Regarding

such AM processes, defects can be categorized into three classes:

• Powder related: defects regarding the spreading of the new powder layer.

• Process related: defects regarding the interaction between the laser, powder,

and the metal.

• Post-process related: defects occurring during the post-processing afterwards

[6].

While not related to the AM process itself, deformation can also be caused by equip-

ment or the design of the to-be-manufactured part [7].

The powder related anomalies can have a big effect on the �nal part quality [8].

In a powder-AM process, every layer of the print starts with coating the build plate

with a new layer of metal powder. The distribution of the new powder layer is done

by the recoater. The recoater must ensure that the powder is distributed as evenly

as possible, every layer is identical, and must not disturb the previous layers [9].

The recoater works by carrying a cartridge across the build plate dispensing powder

along the way which is then pushed by either a roller or a blade into a uniformly

spread layer [6], [9]. During the coating of a new layer, distortions can occur in the

powder layer and can be divided in the following defects; recoater hopping, caused

by the recoater blade striking a part and `hopping', debris, debris located in the

powder bed, incomplete spreading, an insuf�cient amount of powder is fetched from

the powder dispenser, elevation of printed parts, a part curling upwards out of the

powder layer, and the subject of this study, recoater streaking [6], [10], [11].

Figure 1.2: 3D printed part with recoater streaking defect. The red arrows indicate

the surface roughness.

This research focuses on Recoater streaking (RCS) because it is the most occur-

ring defect regarding the powder-related defects [11]. RCS is caused either by the

recoater dragging an elevated part across the powder bed or by a damaged blade or
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roller [3], resulting in an increase in surface roughness [12] and rendering the �nal

part unusable. Figure 1.2 shows a printed part with increased surface roughness.

RCS is characterized by stripes in the powder layer parallel to the recoater direc-

tion [3]. Figure 1.3 shows a powder bed with instances of recoater streaking. The

two dark stripes between the red lines are occurrences of recoater streaking.

Figure 1.3: Powder bed with instances of recoater streaking (two dark stripes).

Detection methods that can detect RCS early on, could save many resources.

Such detection methods, specialized for RCS, have been developed. Some of

these methods incorporate the use of Line Pro�les [12], Clusters, [3], Neural Net-

works [13]–[16], and Support Vector Machines [17]. A more detailed overview of

the methods can be found in Table 1.1. These methods are all designed to detect

RCS based on images and perform quite accurately in general. However, these

methods have all been tested on, and tailored to, their own speci�c data sets. To

really be able to compare different models, they should be tested on the same data

sets, which has not yet been done [10]. Furthermore, as each model has only been

tested on its own data, it is currently unknown how each model reacts to a different

data set [20].

This research has the following objectives; (1) exploring and implementing image-

based anomaly detection algorithms to improve early-warning systems on the de-

tection of RCS, and (2) thoroughly compare the performance of state-of-the-art al-

gorithms in a unifying benchmark. In addition, (3) focus has been laid on the case of

MetalFab1 machines and to tailor algorithms with its requirements and conditions.

This study showed that multiple algorithms can detect RCS and perform accu-

rately. However, different algorithms excel in different performance metrics. Fur-

thermore, the effectiveness of different pre-processing steps differs per detection

algorithm. Therefore, which algorithms to use should be decided on a case by case

basis.
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Table 1.1: Overview of existing anomaly detection algorithms.
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1.2 Research objectives and questions

As mentioned previously, literature provides multiple possible methods to detect

RCS. However, what is missing is a clear comparison of the different methods,

distinctly showing the advantage and disadvantages of each model, so that when

developing a new machine, or implementing a new detection model, an informed

decision can be made.

The goal of this research is to create such a comparison. For this comparison

quantitative and qualitative metrics have been selected and are explained in more

detail in Section 4.2. In addition, all RCS detection models have been implemented

to, and benchmarked on the MetalFab1 machine. To be able to reach this goal, the

following research questions have been established.

1. Which detection algorithm has the best overall performance when detecting

recoater streaking?

(a) Which detection algorithm has the best performance across all metrics

when detecting recoater streaking?

(b) Which detection algorithm has the best performance when tailored to de-

tecting recoater streaking on the MetalFab1?

The rest of this thesis is structured as follows: �rst, Section 2 provides some

background information about the topics discussed during this research, while Sec-

tion 3 provides a detailed explanation on the dataset used to benchmark the differ-

ent models on RCS. Section 4 provides details on the steps taken to execute these

benchmarks. Section 5 presents the results of the different models and Section 6

discusses these results. Finally, Section 7 presents the conclusion of this research,

and Section 8 discusses interesting research directions for future work.



Chapter 2

Background

This chapter presents some background information on a few aspects of this re-

search. Section 2.1 describes the speci�c additive manufacturing process studied

in this research and Section 2.2 describes the speci�c machine. Section 2.3 gives

some details about the research �eld of anomaly detection. Finally, Section 2.4

gives some details about neural networks and their use.

2.1 Laser Beam Powder Bed Fusion

LB-PBF is an additive manufacturing process that uses a laser to melt and fuse

metal powders together to print a part. Figure 2.1 shows a schematic overview of

the printing process. This process starts with (1) the creation of a 3D model, called a

CAD-model, which is sliced into a number of very thin (20-100 � m thick [21]) layers.

(2) this model is loaded into the machine and the printer then lowers the oxygen level

in the build chamber to around 50 ppm O2 to ensure that the metal does not oxidize

during printing. (3) for each layer, a dispenser (i.e. recoater) coats the build plate

Figure 2.1: Build process for an LB-PBF machine. Rectangular gray drawings rep-

resent a powder bed. Picture taken from [6].

6



2.2. METALFAB1 7

with a thin, uniformly spread layer of metal powder. (4) the layer from the sliced CAD

model is projected and (5) the powder is then melted together using a laser beam

to recreate the layer of the sliced model. Surrounding powder remains loose and

serves as support for subsequent layers. After one layer is �nished, the build plate

lowers slightly and steps 3-5 are repeated, until all layers have been printed. (6) the

melted particles fuse together and solidify to eventually form the original 3D model,

layer by layer.

After the part is printed, the powder is automatically removed and stored for later

use, and the build plate is moved to the heat treatment furnace for post-processing.

During post-processing the part is heated and subdued to pressure evenly across

its surface to remove residual stresses that have build up in the metal.

2.2 MetalFab1

The printer studied in this research, the MetalFab1 in Figure 1.1, is developed by Ad-

ditive Industries and was released to the public in 2017 [5]. The MetalFab1 is a Laser

Beam Powder Bed Fusion metal 3D printer. It has a build chamber of 420x420x400

mm, 4 lasers, and can print up to 150cm3/h [21]. It can print a broad variety of

metals, but this research focuses on titanium.

2.3 Anomaly detection

Anomaly detection refers to the problem of detecting patterns in data that con�ict

with normal behaviour. Detecting anomalies in data has been studied as far back as

the 19th century [22] and is used in a wide variety of different �elds. E.g., it has been

adopted to detect, among many other applications, fraud detection for credit cards,

intrusion detection for cyber-security, and fault detection in safety critical systems

[23]. Over the years many different anomaly detection models have been developed,

ranging from very speci�c for certain applications to more generic models that can

be applied extensively.

Anomaly detection has been widely applied to AM [24], [25]. E.g., research has

been done to detect, among other things, lack of fusion [26]–[28], porosity [29]–[32],

irregular heating [33]–[35], or recoater streaking. Some anomaly detection models

have been speci�cally designed for the �eld of AM. E.g., Grasso et al. proposed

a detection model for RCS for an electron beam powder bed fusion process [18],

which is closely related to LB-PBF . They analysed images by �rst comparing an

image post-meltering with a post-recoating image of the same layer and highlighting

the difference between these two images. The author's reasoning was that this

will result in extreme values for defects in the powder bed. Secondly, they applied a
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transfer function to the newly obtained image to enhance the isolation of the extreme

values. As can be seen in Figure 2.2, this function will return a high value for the

extreme values and a low value for the central values in between. Finally, a pixel is

classi�ed as anomaly if its new value is higher than a pre-de�ned threshold.

Figure 2.2: Transfer function to highlight extreme values. Image taken from [18].

One �eld of anomaly detection, is visual anomaly detection, the �eld of interpret-

ing digital images or videos [36]. Filter response features have been found to be

very effective. They can be used to highlight, �lter-out, or extract certain features of

images and various �lters for various situations have been created [37]–[39]. Figure

2.3 shows an example of different �lters being applied to the same image. Filter

features have been used frequently in literature for feature extraction. E.g., Koblar

et al. [40] used �lter response features to extract features from �ngerprint images.

In this research, various methods use such �lters to detect RCS.

Figure 2.3: Effect of different Gabor �lters on an image. Image taken from [41].



2.4. NEURAL NETWORKS 9

2.4 Neural networks

In this study, multiple neural networks are employed. A neural network consists

of multiple layers �lled with nodes called neurons [42]. A neuron receives signals

from the neurons in the previous layer and processes them to signal neurons in the

subsequent layer. These signals travel from the input layer to the output layer. This

section describes various aspects of neural networks used in this research.

Traditional neural networks consist of only fully connected layers, where each

neuron has a connection with every neuron in the next layer. These layers are a large

computational burden. Convolutional neural networks make use of convolutional

layers next to fully connected layers. A convolutional layer contains a set of feature

maps [43]. The height and weight of the feature maps are smaller than those of

the input image. Each feature map is convolved with the input image to compute

an activation map made of neurons. In other words, the feature map is moved

across the input image and the dot products between the image and feature map

are computed at every position. All neurons within a feature map share the same

weight, resulting in fewer parameters and computations [44].

Neural networks may include pooling or normalization layers in between two con-

volutional layers. Pooling layers reduce the dimensions of the data and by doing so,

also the amount of parameters and computations of the network. They do this by

combining the outputs of a cluster of neurons into a single neuron for the next layer.

The two most common types of pooling are average and max pooling. Average

pooling uses the average value of these clusters, while max pooling takes the maxi-

mum value [45]. A normalization layer normalizes the input of a layer over all of the

summed inputs to the neurons for a layer to signi�cantly reduce training time [46].

Every node not in a normalization or pooling layer, has an activation function.

This function de�nes the output of that node given an input. Furthermore, an acti-

vation function introduces non-linearity in a neural network, which allows a network

to calculate complex and abstract equations across many layers. Multiple different

activation functions exist, but in this study only the ReLu and the Softmax func-

tions are used. The recti�ed linear unit, or ReLu, will, as shown in Figure 2.4, out-

put the input directly if it is positive, otherwise, it will output zero and is de�ned as

ReLu(z) = maxf 0; zg [47]. ReLu activation functions offer a faster computation and

a better back-propagation than other activation functions [48]. Thanks to its simplic-

ity and effectiveness, ReLU has become the default activation function used when

designing neural networks.

The other activation function used in this research, is the softmax function. The

softmax function converts a vector of n numbers into a probability distributions of

n outcomes [49]. This function is often used as the activation function of the last
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layer of a neural network to normalize the output to a probability distribution over the

possible classes, and is de�ned as:

� (z) =
ezi

P n
j =1 ezj

; for i = f 0; :::; ng and z = ( z1; ::; zn )

Figure 2.4: The ReLu activation function.



Chapter 3

Dataset description

Since all described algorithms are image recognition based, pictures are needed to

compare them. As mentioned in Section 2.1, a print is printed layer by layer. The

machine takes two pictures of the build chamber during every layer. One picture is

taken after the build plate has been coated with a new layer of metal powder, while

the other is taken after the layer has been exposed to the laser and the powder

has been fused together. Because RCS occurs while spreading the new layer of

powder, only the pictures after recoating are kept. Figure 3.1 shows two images

from the dataset, one with RCS and one without.

The dataset consists of �ve different prints, totalling 9.136 images of printed

layers. Of these �ve prints, two prints display RCS, totalling 3.378 images with

signi�cant RCS. All images are about 210 KB large and are stored in PNG �les.

Table 3.1 shows an overview of the different prints.

ID Number of layers Layers with RCS

F04 2542 104 - 2542

F12 913 -

F14 3435 2495 - 3435

F15 2061 -

F16 185 -

Table 3.1: Overview of the different prints in the dataset. Showing the print ID, num-

ber of layers, and the layers containing RCS.

11
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(a) (b)

Figure 3.1: (a) shows an image of the powder bed taken after the build plate has

been coated with metal powder, (b) also shows an image of the powder

bed taken after the build plate has been coated with metal powder, but

here RCS is visible.



Chapter 4

Methodology

This chapter will discuss the methodology used to answer the research questions as

introduced in Section 1.2. First, Section 4.1 introduces the pipeline set up to test the

different algorithms. Section 4.2 de�nes the different metrics used to compare the

different algorithms while Sections 4.3 and 4.4 describe the different pre-processing

techniques and the implementation of the different detection algorithms respectively.

After that, Section 4.5 explains how the different types of inputs were labelled. Fi-

nally, Section 4.6 illustrates the steps taken to ensure an unbiased comparison.

4.1 Study pipeline

Figure 4.1 shows the pipeline used to evaluate and compare the different anomaly

detection algorithms and the pre-processing steps. It starts (a) with an input image

or set of images, to which (b) one or none pre-processing algorithm is applied. (c) If

necessary for the detection algorithm, like the algorithms as discussed in Sections

4.4.2, 4.4.4, and 4.4.5, the pre-processed input is partitioned into the right sized

blocks. Finally, (d) the input is classi�ed by one of the algorithms compared in this

study, and (e) the results are evaluated by the metrics as de�ned below.

Figure 4.1: The pipeline of the study.

13
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4.2 Comparison metrics

Predicted

Pos Neg

Actual
Pos TP FN

Neg FP TN

Table 4.1: Confusion Matrix.

To answer research question 1.a Which detection algorithm has the best perfor-

mance across all metrics when detecting recoater streaking?, these metrics need to

be de�ned. This study compared the different algorithms on both quantitative met-

rics that can be measured and qualitative metrics that describe various capabilities.

The quantitative metrics are calculated based on confusion matrices like Table

4.1. A confusion matrix displays the predicted classes from a detection algorithm

against the actual classes. It expresses this in the true positives (TP), true negatives

(TN), false positives (FP), and false negatives (FN).

The �rst metric, the accuracy , describes the ratio of correctly classi�ed instances

and is de�ned in Equation 4.1.

Accuracy =
TP + TN

TP + TN + FP + FN
(4.1)

Recall is the ratio of RCS instances that are successfully identi�ed [50] and is

de�ned in Equation 4.2.

Recall =
TP

TP + FN
(4.2)

Precision is the ratio of correctly identi�ed RCS instances [50] and is de�ned

in Equation 4.3. The recall and precision will be reported for the best performing

accuracy only.

P recision =
TP

TP + FP
(4.3)

The area under the curve (AUC) is the area under the receiver operator charac-

teristic (ROC) curve [51]. In a ROC-curve, the true positive rate, or recall, is plotted

against the false positive rate (FPR), for different thresholds. An optimal ROC has a

true positive rate of one for a false positive rate of zero, resulting in a high AUC. The

AUC shows how good a model is at ranking predictions. It measures the probability

that a randomly chosen positive instance is ranked higher than a randomly chosen

negative instance. A formal de�nition is given in Equation 4.4.

FPR =
FP

FP + TN

Area under the curve =
Z 1

F P R =0
r (FPR) d(FPR)

(4.4)
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Average precision (AP) calculates the area under the graph plotting recall against

precision [52]. It is an indication whether a model correctly identi�es all the positive

instances without marking too many negative instances. It calculates the average of

precision scores for different recall thresholds. A formal de�nition is given in Equa-

tion 4.5.

Average Precision=
Z 1

r =0
p(r ) d(r ) (4.5)

Furthermore, the processing time will be measured. This measurement has

been split up into the training speed and the prediction speed. This is done because

these two can vary greatly and different use cases demand different requirements

for the two.

To answer Research question 1.b, Which detection algorithm has the best per-

formance when tailored to the MetalFab1?, these metrics and measurements were

also compared solely for the MetalFab1 to �nd the best performing model for that

machine and its requirements. One additional requirement for translating one of the

detection models to a real-time detection system used in the machine, is that the

time to process a single layer should be roughly equal to the time it takes to print a

small layer, below one second, and ideally below 100ms [5].

Next to the quantitative metrics, qualitative metrics are compared also. The quali-

tative metrics cannot be measured but describe properties of the models. For exam-

ple, different industries prioritise different things. Accurately detecting every mistake

is important for medical applications or aerospace because failures are costly, but

rapid prototyping can afford some mistakes and prioritises speed. Some algorithms

can be easily adjusted to these print speci�c requirements before a print while oth-

ers would require major changes in their design. Furthermore, some models can

detect multiple defects in the powder bed simultaneously while others can solely

detect recoater streaking. To describe these properties, the following metrics have

been selected:

• Possibility for detection of multiple anomalies types

• Adjustability for prints speci�c requirements

4.3 Pre-processing

The images used in this study are taken directly from the build chamber inside the

machine. These images are not perfect and contain noise. E.g., because the powder

layers are very thin, and metal is re�ective, printed parts from the previous layer are

sometimes visible. Figure 4.2 shows an example where parts are very clearly visible.

For the printing process itself, it presents no problem. However, when searching
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Figure 4.2: Powder bed image with part of the previous layer still visible.

for horizontal stripes in the powder bed, it can affect the �nal outcome. As seen

in Figure 4.2, these parts can be lined up and clear lines become visible in the

powder bed. If these lines are signi�cant enough, they affect the detection models

and result in false positives. Furthermore, Figure 3.1(b) in Section 3 showed an

image containing RCS. As can be seen, RCS is not clearly visible and is quite small.

Therefore, it can become quite dif�cult to detect. Pre-processing images could make

RCS more clearly visible by either removing noise like re�ected parts from previous

layers, or by enhancing the RCS, and by doing so, increase the performance of the

detection algorithms.

Method Source Goal Section

Basic mask [17] Defect extraction 4.3.1

Image morphology [53] Noise reduction 4.3.2

Adaptive threshold [13] Defect extraction 4.3.3

Table 4.2: The different pre-processing algorithms used in this research. With their

source paper, method, goal, and the section which describes them in

more detail.

Two detection algorithms also included a pre-processing step. These two pre-

processing steps were both designed for defect extraction. As described above,

noise also presents some problems while detecting defects. Therefore, a third pre-

processing step is introduced to reduce said noise. This step is used more often in

computer vision to reduce noise [53] but has not been applied to additive manufac-

turing before. These three pre-processing steps can be found in Table 4.2 and will

be implemented and combined with each detection algorithm to see whether they

can improve the performance. The rest of this section explains the pre-processing

steps in more detail. The pseudo code implementation of the algorithms can be

found in Appendix B.1.
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(a) Image with RCS (b) Basic mask processing

Figure 4.3: (a) shows a powder bed with RCS. (b) shows the same image but after

basic mask processing.

4.3.1 Basic mask

The �rst method is the basic mask as introduced by Yin et al. in 2021 [17]. As

seen in Table 4.2 this method was designed for defect extraction. Figure 4.3 shows

an image with RCS and its processed image. As can be seen, RCS has been

selected and extracted from the image and is now clearly visible. The basic mask

pre-processing method consists of three steps which are explained in more detail

below:

1. Comparison with a `basic mask'

2. Median �ltering

3. Gamma transformation

To extract anomalies in an image, �rst a defect-free powder bed image under the

same light source was selected, called the `basic mask', and a threshold range was

set. The difference between the collected image and the base mask was calculated

to obtain a new image. If the gray value of a point on the new image is within the

threshold range, a possible defect is considered and its gray level is retained. If a

point is not in the threshold range, it is considered defect-free and the value if set to

0. Due to this binarization, RCS becomes much more clearly visible.

Next to enhancing defects in the powder bed, this �rst step also introduces some

noise as such a basic mask is never spotless. To remove this noise, a subsequent

step is added, median �ltering. Median �ltering is a tried and tested method ideal for

reducing random noise while not blurring image features [54]. It works by changing
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(a) Image with RCS (b) Image morphology processing

Figure 4.4: (a) shows a powder bed with RCS. (b) shows the same image but after

image morphology processing.

each pixel to the median of its neighbouring pixels [54]. In this study, the eight direct

neighbours are used. This way, smaller, random noise is �ltered out, while larges

structures like RCS remain. The last step, Gamma transformation [55] is performed

to, again, enhance the anomalies in the image. During a gamma transformation, an

image is raised to the power of gamma, thereby enhancing the contrast in an image.

4.3.2 Image morphology

Image morphology has been around quite some time and has been used before to

remove noise from images [53]. This study introduces this method to the �eld of

Additive Manufacturing. Figure 4.4 shows an image with RCS and its processed

image. As can be seen, the background noise has been �ltered out while the RCS

remains visible. The pre-processing method consists of two steps. First the image

is probed with a small horizontal line, 30 pixels wide by 1 pixel high, and eroded [56],

meaning that every pixel is changed to the darkest pixel in that small line. This way,

the light pixels of the re�ecting parts are eroded out while the darker pixels of the

RCS are maintained. The second step is the inverse, dilation [56]. Here, again

the image is probed with the same horizontal line. But in this case, every pixel is

changed to the lightest pixel in that line. This sequence of erosion and dilation is

also called opening and is more often used to remove noise from an image while

preserving the shape and size of larger objects [53].
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(a) (b)

Figure 4.5: (a) shows an image after adaptive thresholding and (b) shows the same

image but after image morphology. Both images are taken from [13].

4.3.3 Adaptive threshold segmentation

The adaptive multi-defect threshold segmentation algorithm relies on the difference

in gray values of different types of powder bed defects [13]. A histogram of the gray

values in an image is constructed and a function is �tted to this histogram. The

adaptive thresholds are calculated based on the set of local extrema of this function.

The image is then segmented by highlighting both the lowest and highest pixels and

dimming all pixels in between. This is done by setting each pixel to 0, black, if it is in

between the two thresholds, or to 1, white, if it lies outside.

The segmented image now consists of many small areas of white pixels. These

small areas will be connected based on image morphology by dilating, opening, and

closing the image with pre-de�ned structures as de�ned in [13]. After the morphol-

ogy operations there still are a small number of discrete defect areas and noise. To

diminish this, an area and distance threshold were set. If an area is smaller than the

area threshold, it is considered noise and is removed. If the distance between two

areas is smaller than the distance threshold, the two are merged together [13]. This

pre-processing algorithm proposed by Shi et al. highlights defects in the powder

bed. Figure 4.5 shows an image before and after these image morphology modi�-

cations.

4.4 Detection algorithms

A small overview of the different anomaly detection models can be found in Table

4.3. All models are explained in more detail in the rest of this section and their

pseudo code can be found in Appendix B.2.
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Name Source Section

Fitted function line Pro�les This work 4.4.1

Moving average line Pro�les This work 4.4.1

Bag of Words [3] 4.4.2

AlexNet [13] 4.4.3

Multi-scale CNN [14] 4.4.4

Triple-scale CNN [16] 4.4.5

Local Binary Patterns [17] 4.4.6

Table 4.3: Overview of all compared detection algorithms

4.4.1 Line Pro�les

The �rst model for recoater streaking detection was introduced by Craeghs et al. in

2011 [12]. This model extracts so called `line pro�les' from each image to detect

RCS. A line pro�le is de�ned as the average pixel gray value of �ve points of that

horizontal line in the image of a powder bed. Figure 4.6 shows a powder bed image

with its corresponding line pro�les. These �ve points were taken at the far left as

not to be disturbed by other defects in the powder bed. The standard deviation of

the line pro�les is then subsequently used as indicator for RCS, and streaking was

detected if a single line pro�le is six times the standard deviation higher or lower

than the mean [12].

(a) Construction of line pro�les (b) Constructed line pro�les

Figure 4.6: (a) shows a powder bed with recoater streaking. (b) shows a rotated

graph of the constructed line pro�les from (a) with clear spikes at the

heights of the recoater streaking. Images taken from [12].
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However, experimental results showed that the images used by Craeghs et al.

were lit uniformly while the images from the MetalFab1 are not. Line pro�les from

a uniformly lit image behave linearly when no RCS occurs. When images are not

uniformly lit, this behaviour changes. Figure 4.7 shows line pro�les that are con-

structed from an image with an uneven lighting. As can be seen, the line pro�les no

longer behave linearly, but obtain more of a parabola shape. Detection based on the

standard deviation is therefore impractical.

Figure 4.7: Line pro�les of an image from the MetalFab1.

To create a detection model capable of detecting RCS independent of the lighting

of images, two novel models are proposed in this study and compared to the other

detection models. Both models calculate magnitudes of distortion based on the line

pro�les of an image and detect RCS if, for any point on the image, this distortion is

higher than a certain threshold. The �rst model calculates this distortion by �tting

a function (FF) to the line pro�le's values as a function of the distance along the

image and calculating the deviation between the two. A second-degree polynomial

is �tted to the line pro�les using the non-linear least squares �t as implemented by

the curve_�t function from SciPy [57]. The second model calculates this magnitude

of distortion by looking at the moving average (MA) of the line pro�les. For both

models, again, the optimal threshold to detect RCS was selected by maximizing the

accuracy.

4.4.2 Bag of words

The �rst model of Scime et al. utilized bag-of-keypoints [58] in combination with �l-

ter response vectors [3]. A schematic overview of the model can be found in Figure

4.8. The model starts (a) with the creation of a �lter bank. This bank consists of

multiple �lters that all respond differently to an image. Figure 2.3 shows an exam-

ple of different responses from different �lters on the same image. These �lters (b)
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