
ABSTRACT 

JAHOON, JEONG. Data-Driven Condition Monitoring and Defect Detection in Electron-Beam 

Additive Manufacturing (Under the direction of Dr. Xiaolei Fang). 

 

This dissertation aims to predict factors to affect fault occurrences during an EBM(Ele

ctronic Beam Melting) based additive manufacturing process using large data logs. The key idea 

is to clean the data logs and analyze the cleaned data set using Machine learning techniques. EBM 

is an important area of research because this technique is getting much adopted by the mainstream 

industry such as manufacturing, aerospace, and medicine. The presence of defects is a significant 

obstacle to develop this innovative manufacturing for the 4th industrial revolution. My research is 

based on EBM-based additive manufacturing. This melting type is mainly affected by beam 

current, equipment, powder, and process. 

This dissertation mainly focuses on 1) the selection of tentative factors to affect fault 

occurrences, 2) machine learning for clarifying the relationship between factors and fault 

occurrence. 

The previous experience of AM manufacturing is used to select tentatively influential 

factors. During EBM additive manufacturing, tons of information is recorded in the form of log 

files. Among the tons of elements, It is needed to exclude main factors to affect fault occurrence. 

Usually, four types of defects typically occur in metal AM; AM equipment, Process, Part design, 

and Powder. The source of these defects may be attributed to the thermal status of builds, electron 

beam, grid voltage, build chamber, and powder condition. Based on these previous experiences, 

12 variables are selected as tentative factors to affect fault occurrence. Because these are time-

series data, it is needed to aggregate each "layer" elements to compare the tons of data set following 

a standard.  

It is the first step to deal with the imbalanced data set for machine learning to clarify the 

relationship between factors and fault occurrence. Among 818 classified layers through the whole 

data, only 15 layers are classified as defective layers. The probability of defect occurrence is only 

about 1.8%. It is a problem because most machine learning algorithms work best when the number 

of samples in each class is approximately equal.  

I implement four different resampling techniques for training sets based on Cross-

Validation to solve it. Because Machine Learning Algorithms are assumed to be equally 



distributed, It is essential to resample the imbalanced training data set for the Implementation. The 

four techniques that I choose are 1) Down-sampling, 2) Up-sampling, 3) SMOTE (Synthetic 

Minority Over-sampling Technique), 4) ROSE (Random Over Sampling). The next step is a 

selection of machine learning methods. I focus on two ways which are 1) Generalized Linear 

Modeling, 2) Tree-based classification as the first filter. Each method selects the best-resampled 

training set by AUC (Area Under the ROC Curve) comparison. With the resampled training set 

for each way, I analyze it further. 

In the case of GLM, I choose LASSO for feature selection. The feature selection is based 

on results from iterated LASSO implementation. The result of massively iterate LASSO generates 

a selection ratio of each variable. With a 10% interval of the selection ratio, I make ten different 

data sets from 10% to 100% selection ratio. To evaluate the ten different data sets, I implement 

Cross-Validation. Based on the AUC score comparison, I choose a better model in the GLM 

approach. 

In the case of Tree-based Classification, I choose Classification and Regression Tree 

(CART) to compare the four resampled data sets. It is the first filter for tree-based comparison. I 

implemented XG boosting with the selected resampled data set (Extra Gradient boosting) to 

generate a better result. Based on the AUC score comparison, I choose a better model in tree-based 

classification.  

As the final step, I compare the two models. The criteria for comparison are prediction 

accuracy and interpretability.  
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CHAPTER 1 

Introduction 

 

            Additive manufacturing (AM), more commonly known as 3D printing, is a rising industry 

to make 3D models. It is the process in which a three-dimensional object is built by adding 

subsequent layers of materials, which can revolutionize how mechanical parts are created, tested, 

and certified [1]. Since AM first emerged in 1987, it has continuously developed and made the 

process and materials more sophisticated. These days, AM is a significant type of manufacturing 

in many industries and is even getting used in real life. As it becomes more important, it needs to 

minimize defects and be better. However, AM still faces various technical challenges, including 

insufficient product quality, robustness, material properties, controllability, etc., which hinder its 

industry-scale applications [2,3]. Because the process is continuous and the layers are pretty short, 

it is hard to find defects. This means that it is hard to know where defects happened and what 

factors affect the defect occurrence with the naked eye. Thus, there is a solid need to measure and 

analyze the additive manufacturing process. Therefore, it is needed to decide a technique to collect 

and analyze the data which originates from AM process. 

            According to some gathered data, data-driven modeling is one of the most popular 

techniques to find and predict a trend. The central concept of a data-driven model is to find 

relationships between the system state variables (input and output) without explicit knowledge of 

the physical behavior of the system [4]. This technique is applicable to predict defects in AM 

process. The signals which are collected from AM machines can be data set. It is recorded in the 

form of log files in the process. Because the data set means the system state variables (inputs and 

outputs), log files can be the data set for modeling. 

            This paper will focus on data collected from the AM process of Electron Beam Melting 

(EBM). EBM is very similar to the SLM (Selective Laser Melting) process, which works on layer-

by-layer technology. An electron beam is used for the melting and fusion of the powder particles 

instead of a laser beam [5]. 

            In my paper, 6 EBM log files will be dealt with based on the same designated structure 

(clustered 40 rectangles). The data has a total of 1595 layers. And each layer has thousands of 

information about the AM process. Among the information, I focus on 14 traits with frequent types 

of defects based on the guidance and insight of expert manufacturers. Also, there are definite 
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records of defects during the process among the log information. I find some associations between 

the selected data in the dataset and the fault occurrences by comparing specific defective layers 

with other unclassified layers. 

            The remainder of this paper is organized as follows: Chapter 2 presents the literature review 

about defects prediction in AM. Chapter 3 develops the description of the data set. Next, Chapter 

4 finds more defective layers which were not classified in the log file. Chapter 5 presents the data 

matrices for Machine Learning modeling. Chapter 6 frame a design for the analysis, and Chapter 

7 implements the designed modeling. As the final step, I summarize the results and conclude 

Chapter 8. 
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CHAPTER 2 

Literature review 

 

            Metal AM processes can be categorized into two main groups—powder bed fusion (PBF) 

and directed energy deposition (DED). PBF(Powder Bed Fusion), which is also known as selective 

laser melting (SLM) or electron beam melting (EBM), is performed by irradiating a metallic 

powder, spread flat with a laser or electron beam; the metallic powder is subsequently melted and 

fixed layer by layer [6]. 

            SLM, one of the powder bed fusion processes, uses a laser beam that melts and fuses the 

metal powders [7]. A thin layer of powder is deposited over a substrate plate or on the previously 

deposited layer. The laser beam melts and fuses the powder particles selectively, as dictated by the 

CAD data [8–10]. The repeated heating and cooling during fabrication lead to residual stress 

buildup and ultimately the distortion of the overall part [11]. Therefore, it is essential to manage 

and check thermal data. 

            EBM is a similar process to SLM. However, EBM uses an electron beam for the melting 

and fusion of the powder particles instead of a laser beam. The powder bed is kept at high 

temperatures (>870 K), and overnight cooling times are required to cool the powder bed after the 

completion of the build job [5]. The EBM process involves more process parameters, including 

beam power, beam scanning velocity, beam focus, beam diameter, beamline spacing, plate 

temperature, pre-heat temperature (including the repetitions, speed, and power of the Beam), 

contour strategies, and scan strategy, etc. [5]. Also, the EBM system is equipped with a vacuum 

device. The electron beam is controlled by electromagnetic lenses and can move inertia‐free. This 

enables the scanning velocities to reach up to 105 m s−1 on the powder bed. EBM as‐produced 

parts have fewer defects under a vacuum environment than the SLM systems [12]. It means that 

there are possibly more unknown factors to affect the completion of the manufacturing process. 

            Four types of defects typically occur in metal AM: (a)AM equipment, (b) Process, (c) Part 

design, (d) Powder. The "AM equipment" means building failure from poor calibration of the AM 

machine [13]. The source of this type of defect may be attributed to the laser beam variation, build 

chamber environmental condition, powder recoating system, and create surface alignment, etc. 

[14]. The "Process" means the poor choice of a process [13]. The defects typically result from a 

combination of printing parameters [15 – 20]. For instance, energy density (called Andrew 
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Number) ‒ a representative term for the laser energy applied per unit volume of the Build (J/mm3 

) ‒ is a critical factor in the LPBF and DED process as a function of the laser power (watt), spacing 

between passes of the laser (mm), scan velocity of the laser (mm/sec), and build layer height 

(mm)[13]. The "Part design" means Ill-considered design of the part [13]. Apart from the geometry 

of the final part, these part features also include the support material, which is a sacrificial material, 

and the part orientation on the build plate [13]. The "Powder" means Poor quality of feedstock 

materials [13]. Powder characteristics, namely size, shape, surface morphology, composition, the 

presence of extraneous impurities, and moisture, can lead to defects, such as porosity [13]. 

            To sum up, the four typical types of defects in AM are reliable sources for detecting defects. 

Based on this, I focus on Smoke event (AM equipment), Vacuum Gauge (AM equipment), Grid 

Voltage (Process), Curling (Process), Powder Issue (Powder) to predict defects. 

            When it comes to class-imbalanced data set, It is needed to resample the data set to 

implement Machine Learning algorithms designed for a balanced data set. Thus, I choose four 

types of resampling techniques to complement the imbalanced data problem: 1) Under-sampling,     

2) Over-sampling, 3) SMOTE (Synthetic Minority Oversampling Technique), 4) ROSE (Random 

Over Sampling Examples). 1) Under-sampling approach is used to reduce the data samples in the 

majority class [15]. This method is best to use when the data set is enormous and reducing the 

number of training samples helps improve run time and storage troubles. 2) Oversampling 

approach is used to increase the data samples in the majority class [15]. This method replicates the 

observations from minority classes to balance the data. 

 

 

 

Figure 2-1: Under Sampling & Over Sampling 
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            3) SMOTE algorithm creates artificial examples s based on the feature space, rather than 

data space, similarities between existing minority examples. These synthetic examples are 

generated along the line segments joining a portion or all of the K nearest neighbors of the minority 

class. Depending on the amount of the oversampling required, neighbors from the K nearest 

neighbors are randomly chosen. Let S min ∈ S represent the minority class. For each example xi ∈ 

S min, find the K-nearest neighbors, given an specified K. The K-nearest neighbors are defined as 

the K elements of S min whose euclidian distance between itself and xi has the smallest magnitude 

in the feature space X. To create a new sample, select one of the K-nearest neighbors randomly, 

and then find the difference between the selected sample and its nearest neighbor. Multiply this 

difference by a number generated uniformly from 0 to 1; however, one might modify this factor 

by changing uniform distribution to other distribution depending on the application. Finally, add 

this vector to the selected sample 𝑥𝑖 

 

𝑥𝑠𝑦𝑛 = 𝑥𝑖 + (𝑥𝑖
^ − 𝑥𝑖  ) × 𝜆𝑖 

 

where 𝑥𝑖∈ S min is the selected instance from minority class, 𝑥𝑖
^ ∈ S min is one of the K-nearest neighbors 

of 𝑥𝑖and λ ∈ [0, 1] is a random generated number [16] 

 

 

 

Figure 2-2: SMOTE (Synthetic Minority Oversampling Technique)  
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            4) ROSE is based on the generation of new artificial data from the classes, according to a 

smoothed bootstrap approach. It relieves the effect of class imbalance from both the phase of model 

estimation and model assessment.  First, ROSE uses a ROC curve to measure the performance of 

the classifier instead of accuracy. Second, bootstrap or cross-validation versions can be chosen as 

estimation methods. Therefore, ROSE can provide more refined tools to find the minority class 

effectively and accurately [17]. Rose consists of the following steps: 

 

            Let be a training set Tn, with N samples {xi; yi}, i = 1, ..., N, the class label yi ∈ C = {y0; 

y1}: xi are attributes of a random vector x defined on Rd; f(x) is probability density function. Let 

Nj the number of examples belonging to the class yj: The ROSE procedure is described as follows:  

 

1. Select y* = yj with probability πj  

2. Select {xi; yi} ∈ T R; such that yi = y*; with probability 
1

𝑁𝑗
 

3. Sample x* from KHj(.,xi), a probability distribution centred at xi and covariance matrix Hj [17] 

 

 

 

Figure 2-3: ROSE (Random Over Sampling Examples) 
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CHAPTER 3 

Data description 

 

3-1. Overview 

            The dataset was acquired to make aggregated 40 long width rectangles, as shown below. 

This manufacturing had repeated the manufacturing by six times from 28th of June to 23rd of July, 

2018. Each build was named for its working day: 1) 6.28, 2) 6.29, 3) 7.3, 4) 7.10, 5) 7.18, 6) 7.23. 

Originally, the build was designed with 335 layers, 16.7 inches. Among the six trials, he had just 

achieved one successful build on the 18th of July, 2018. 

 

  

View 1 View 2(Bird's eye view) 

 

Figure 3-1: The shape of the build 

 

            Among the five unsuccessful builds, only two builds (6.28 / 6.29) had completed their 

procedure. In the case of the other three unsuccessful builds (7.3 / 7.10 / 7.23), its builds had 

stopped before they were planned. The five unsuccessful builds have the records that each of the 

builds had stopped or been crashed during the procedure in log files. 

 

3-1-a. Log files 

The log files were made during the process of each build. It contains 5 traits; X1 ~ X5. 

Among the five traits, the three factors (X1, X2, X5) are significant factors to find defects. The 

three factors stand for each feature. (X1: Time, X2: Event Description, X5: The Value of X2) 
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The number of unique "X2" s(Event description) recorded is around 20,000. After deleting 

data with "NA" entries or "Core" action(X3, It is considered as a standard action, which is not 

related to defects), the # of unique X2s are downsized from 24,091 to 2,356. However, "2,356" is 

still too many to analyze at once, so it is needed to withdraw some of the possibly distinctive and 

correlative factors. 

 

 

 

 

 

 

 

The 13 factors shown in the table are treated as significant factors with each type of defect 

classification from the previous experience. 

 

  

Deleting  

1)“NA” entries, 2) “Core” actions 
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Table 3-1: Types of defects & Associated variables 

Types of Defects Associated Variables 

Smoke Event Smoke Detector Counts 

Beam Current 

High Voltage Arc Trip 

Grid Voltage Error High Voltage Grid 

High Voltage Demand 

High Voltage Feed Back 

Curling Bottom Temperature 

Column Temperature 

Current Build Last Layer Time 

Powder Issue Left Regulator Pulse Length 

Right Regulator Pulse Length 

Other Process Manager Current Task / Action / Output 

Description 

Chamber Vacuum Feed Back 

 

 

3-2. Defective layers 

Defects originate from many reasons at various times. Even though the data is time-series 

data set, we need to develop a standard to compare their traits. In aspects of this, "Layer" is an 

excellent tool to differentiate. "Layer" is classified by "Lower table" events in "Output 

description." Therefore, we can aggregate many events in a designated layer. 

Even though the data set was aggregated by layers, only a few layers had unusual 

happenings of defects through the "Output Description" (Build Stopped/Crashed). 

· Total # of layers through the whole builds: 1595 (= 335 + 335 + 232 + 254 + 335 + 104) 

· Total # of layers with recorded "Build Stopped/Crashed" events: 14 (=2+3+3+1+1+4) 
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Table 3-2: # of build stopped/crashed events in each build 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Build 

Stopped 

[Layer 

(reps)] 

102 (1) 

335 (1) 

20 (1) 

51 (1) 

335 (1) 

223 (3) 

231 (1) 

232 (1) 

254 (2) 335(1) 

1 (4) 

2 (1) 

5 (1) 

104 (2) 

Build 

Crashed 

Layer 

(reps)] 

· · 
223 (1) 

231 (1) 
254 (1) · 

1 (1) 

104 (2) 

·   335 (1):  It indicates that the build stopped at the last layer 

 

Since the responses for this analysis are binary events, the probability of happening defects 

is too low (0.87 % with "layer 335" (The last layer of the build) / 0.69% without layer 335). 

Meanwhile, there is the possibility that there are more hidden defective layers even though the 

layer has not an inadequate description ("Build stopped" / "Build crashed"). Therefore, it is needed 

to find more defective layers. 

  



11 

 

 

CHAPTER 4 

Analysis for finding more defective layers 

 

The methodology to find more defective layers is based on the significant factor 

comparison between (a) "Build Stopped/Crashed" layers and (b) the other layers. The comparison 

is based on the type of defects and their associated variables. But I excluded layer 335 to be 

analyzed. Because layer 335 is the last layer of the builds unless the build had stopped during the 

manufacturing process, It typically shows irregular patterns in the raw dataset. 

 

4-1. Type of defects: Smoke Event 

There are three types of associated variables with the smoke event : Smoke Detector Counts 

/ High Voltage Arc Trip / Beam Current.  

 

4-1-a. Smoke detector counts (Counts) 

"Smoke Detector counts" is a variable that counts the happenings of smoke events during 

the manufacturing procedures. To see the overall patterns of this variable, I briefly summarized 

the data as an initial step. The result is as shown below. 

 

Table 4-1: Summary of Smoke detector counts 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Max 139 104 2545 1570 107 2466 

Min 1 1 1 1 0 0 

Mean 12.02 13.15 14.34 13.306 13.47 17.81 

Median 10 10 10 10 10 13 

 

This summary shows that the three imperfect builds (# of total layers < 335) have 

abnormally several high smoke detector counts. Through the analysis of time series data in the 

reference as shown below, I found a relationship between Smoke Detector counts. 
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Table 4-2: Smoke events over 200 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Build 

Crashed 

Layer 

(reps)] 

· · 
223 (1) 

231 (1) 
254 (1) · 

1 (1) 

104 (2) 

High 

Smoke 

Detector 

Count 

Layer] 

  
223 

232 
254  

1 

104 

 

When the build had been crashed at a layer, the layer has many smoke detector counts 

(>200) even though the overall mean and median of smoke detector counts is around 15. It shows 

that more than 200 smoke events at a layer could be highly correlated with the fault occurrences. 

Based on this idea, I found one more layer with more than 200 times of recorded smoke detector 

counts through the entire data. 

 

               · Finding more high smoke detector counts (over 200) 

                 : 1 layer (Build 7.3 / Layer 190 / # of Smoke detector Counts= 257) 

 

            It is not sure to say that defects had happened at the layer in the build. However, the layer 

can be a candidate with defective actions during this layering process. 

 

4-1-b. High Voltage Arc Trip (Binary event: T / F) 

"High Voltage Arc Trip" is a variable that records the occurrence of a high voltage electric 

arc. It usually occurs when a circuit becomes overloaded and overheats. The 

overheating causes damage not only to the circuit breaker but also to its connection to the bus. 

Once damaged, a circuit breaker can malfunction and continue to let electricity flow between its 

connection instead of tripping [18]. To see the overall patterns of this variable, I briefly 

summarized the data as an initial step. The result is as shown below. 
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Table 4-3: Summary of High Voltage Arc trip 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Build 

Stopped 

[Layer 

(reps)] 

102 (1) 

335 (1) 

20 (1) 

51 (1) 

335 (1) 

223 (3) 

231 (1) 

232 (1) 

254 (2) 335(1) 

1 (4) 

2 (1) 

5 (1) 

104 (2) 

Build 

Crashed 

Layer 

(reps)] 

· · 
223 (1) 

231 (1) 
254 (1) · 

1 (1) 

104 (2) 

High 

Voltage 

Arc Trip 

335 335 

223 

231 

232 

254 335 
1 

104 

 

The summary shows that High Voltage Arc Trip Events only happened when a build had 

stopped or been crashed. It seems that the variable is a higher correlation with the defective output 

descriptions. Unfortunately, there was no more high voltage arc trip observation through the whole 

build.  

 

4-1-c. Beam Current (Unit: mA) 

          "Beam Current" is a variable that records the current of the electron beam while melting 

pools in the manufacturing process. To see the overall patterns of this variable, I briefly 

summarized the data as an initial step. But the brief does not give any significant clue to find a 

correlation with the pre-examined fault occurrence. Instead, I found that the pause of beam current 

could be an essential factor while plotting the "Beam Current" data. The halt of beam current is 

defined as a pair of two adjacent beam currents, which are less than 1mA (each of those). The 

number of Beam Current pauses by each of the builds is shown below. 

 

               · # of Beam Current Pauses 

                 : 650(Build 6.28) / 2795(Build 6.29) / 2220(Build7.3) / 276(Build7.10)   

                   / 64(Build7.18) / 148(Build7.23) 
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          The summary shows that the successful build (7.18) has a much lower number of recorded 

"Beam Current" pauses. Also, the pre-classified defective layers ("Build Stopped" / "Build 

Crashed") have more than 30 times the recorded beam current pauses even though most of the 

layers have 0 or 1 times of it. 

  

               · Finding the beam current pauses event (over 30 times at a layer) 

                 : 1 layer (Build 7.10 / Layer 130 / # of Beam Current Pauses=49) 

 

It is not sure that defects had happened at this layer in the build. However, this layer can 

be a candidate with defective actions during this layering process. 

 

4-2. Type of defects: Grid Voltage Error 

"Grid Voltage" is the instantaneous potential difference between the grid and the cathode 

of a vacuum tube. There are three types of associated variables with grid voltage error event, as 

mentioned in table 3-1 (High Voltage Grid / High Voltage Demand / High Voltage Feedback).  

 

4-2-a. High Voltage Grid 

             "High Voltage Grid" is a variable that is recorded high voltage grid at a time. Firstly, I 

briefly summarized the data as an initial step. But the brief did not give any significant clue to find 

defects. To see the overall patterns of this variable, I briefly summarized the data as an initial step. 

But the brief does not give any significant clue to find a correlation with the pre-examined fault 

occurrence. Instead, I found that the minimum of high voltage grid in each layer has a relationship 

when the minimum is lower than 200mA (especially 0mA), as shown below. 
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Table 4-4: Summary of High Voltage Grid under 200mA 

Build Layer 
Minimum HVG under 

200? 

Output description  

(Crashed / 

Stopped ?) 

6.28 102 N Stopped 

6.29 

20 N Stopped 

51 N Stopped 

200 Y (HVG = 0) X 

7.3 

118 Y (HVG = 26.4) X 

119 Y (HVG = 0) X 

145 Y (HVG = 0) X 

190 Y (HVG = 0) X 

223 Y (HVG = 0) Crashed / Stopped 

231 Y (HVG = 0) Crashed / Stopped 

232 Y (HVG = 0) Stopped 

7.10 254 Y (HVG = 0) Crashed / Stopped 

7.23 

1 Y (HVG = 0) Crashed / Stopped 

2 N Stopped 

5 N Stopped 

22 Y (HVG = 129.2) X 

85 N X 

102 Y (HVG = 109) X 

104 Y (HVG = 0) Crashed / Stopped 

 

This summary shows that the minimum high voltage grid is 0 at a specific time in a layer 

without an exception if the build had been crashed. Based on this idea, I found four more layers 

(200 in Build 6.29 / 119, 145, 190 in Build 7.3) which has the record of 0mA in a layer. It is not 

sure that defects had happened at these layers in the build. However, these layers can be candidates 

with defective actions during this layering process. 
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4-2-b. High Voltage Demand 

"High Voltage Demand (HVD)" is a variable that is the recorded demand of a high voltage 

grid at a time. It is a rare event throughout the build because it happens when the manufacturing 

process needs high voltage demand. It only happened at 20 layers through the whole build. The 

summary of high voltage demand occurrence is shown below. 

 

Table 4-5: Summary of High Voltage Demand 

Build Layer HVD happened? Output Description 

6.28 102 N Build Stopped 

6.29 
20 N Build Stopped 

51 N Build Stopped 

7.3 

223 Y Build Stopped/Crashed 

231 Y Build Stopped/Crashed 

232 Y Build Stopped 

7.10 

129 Y - 

130 Y - 

213 Y - 

224 Y - 

254 Y Build Stopped/Crashed 

7.23 

1 Y Build Stopped/Crashed 

2 N Build Stopped 

5 N Build Stopped 

85 Y - 

102 Y - 

104 Y Build Stopped/Crashed 

 

This summary shows that HVD events had occurred without an exception if the build was 

crashed. It seems that recorded HVD is a sign to show the build had been restarted at the point. 

Based on this idea, I found six more candidates of fault occurrence layer (Layer 129, 130, 213, 

224 in Build 7.10 / 85, 102 in Build 7.23). It is not sure that defects had happened at these layers 
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in the build. However, these layers can be candidates who had defective actions during this 

layering process. 

 

 

4-2-c. High Voltage Feedback 

"High Voltage Feedback (HVF)" is a variable that is the recorded demand of high voltage 

feedback at a time. It is not rare events throughout the build, but many layers do not have records. 

The summary of high voltage demand occurrence is shown below. 

 

Table 4-6: Summary of High Voltage Feedback 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Success / 

Fail 
Fail Fail Fail Fail 

Success 

(Tentative) 
Fail 

Total # of 

Layers 
335 335 232 254 335 104 

# of Layers 

with 

HVFB 

131 116 92 104 123 48 

Percentage 

having 

HVFB 

39.10% 34.52% 39.65% 40.94% 36.71% 46.15% 

Max 60075.23 60075.23 62627.31 62910.88 60075.23 60925.93 

Min 40.51 0 0 0 0 0 

Mean 52698.34 52036.58 39878.11 45181.92 52225.55 36089.02 

Median 59913.2 59913.2 47476.85 53755.79 59913.2 42858.8 

 

Compared to the successful build (7.18), the other five builds show some difference in 

maximum, minimum, mean, and median. But, It is hard to find synchronized standards to see signs 

of fault occurrence. Instead, I found that the number of HVF event occurrences could be a 

significant factor while plotting the HVF data. Most layers have less than four events in each layer. 

However, the layers that have "Build Crashed / Stopped" records show there were many HVF 
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occurrences. Therefore, I found more layers with more than 6 HVF events in a layer. The summary 

of it is shown below. 

Table 4-7: Summary of High Voltage Feedback over 6 

Build Layer # of HV Feedback > 6? 
Output description  

(Crashed / Stopped ?) 

6.28 102 N Stopped 

6.29 
20 N Stopped 

51 N Stopped 

7.3 

63 Y (# = 6) X 

137 Y (# = 6) X 

138 Y (# = 9) X 

139 Y (# = 5) X 

145 Y (# = 11) X 

190 Y (# = 12) X 

223 Y (# = 188) Crashed / Stopped 

231 Y (# = 112) Crashed / Stopped 

232 Y (# = 289) Stopped 

7.10 

129 Y (# = 89) X 

130 Y (# = 170) X 

204 Y (# = 16) X 

205 Y (# = 25) X 

213 Y (# = 84) X 

217 Y (# = 23) X 

224 
 

Y (# = 121) 
X 

254 Y (# = 406) Crashed / Stopped 

7.23 

1 Y (# = 220) Crashed / Stopped 

2 N Stopped 

5 N Stopped 

22 Y (# = 6) X 

85 Y (# = 55) X 

102 Y (# = 75) X 

104 Y (# = 171) Crashed / Stopped 
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As I mentioned above, the high frequency of HVF events in a layer shows a strong 

correlation with "Build Crashed." Also, when it comes to the occurrence of "Build Stopped," the 

output description shows a higher correlation with it except layer 102 in build 6.28 and layer 20 / 

51 in build 6.29. Based on this idea, I found 17 more layers without the output description ("Build 

Stopped / Crashed").  

 

4-3. Type of defects: Curling 

When it comes to curling, it is usually associated with the three variables; Column 

temperature, Bottom temperature, Current Build last layer time, as mentioned in table ## 

 

4-3-a. Column Temperature 

"Column Temperature" is a variable which records a column temperature of the current 

build at a particular time. It is a rare event throughout the whole build. Only 32 layers have the 

records. When the build had stopped, 53.8% (= 7 / 13) could have recorded Column Temperature. 

There was 80% (= 4 / 5) possibility to have recorded Column Temperature when build had been 

crashed. There is the possibility that layers with column temperature events could be defective 

layers. Only the column temperature events cannot be strong evidence to find more defective 

layers. But, it can be a significant factor with the combination of other traits.  

The layers with column temperature events, not "Build Stopped / Crashed" records, are 

layer 94 in Build 6.28 / layer 3, 102, 206 in Build 6.29 / layer 89, 167 in Build 7.3 / layer 104, 191 

in Build 7.10 / layer 58 in Build 7.23. 

 

4-3-b. Bottom Temperature 

"Bottom Temperature" is a variable that records the Bottom temperature of the current 

build at a specific time. It is not rare events through the whole build, but many layers do not have 

records. The summary of Bottom temperature occurrence is shown below 
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Table 4-8: Summary of Bottom temperature 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Success / 

Fail 
Fail Fail Fail Fail 

Success 

(Tentative) 
Fail 

Total # of 

Layers 
335 335 232 254 335 104 

# of Layers 

with Bottom 

Temperature 

52 59 88 62 85 50 

Percentage 

having 

Bottom 

Temperature 

15.52% 17.61% 37.93% 24.41% 25.37% 48.07% 

Max 421 471 481 475 503 506 

Min 99 99 99 289 103 244 

Mean 305.82 321.35 338.48 396.89 358.28 411.21 

Median 344 343 380 397 407 426 

 

Compared to the next build (7.18), the other five builds do not show significant differences 

except the percentage of Bottom Temperature occurrence at a layer. When it comes to the 

frequency of the event occurrence, the Bottom temperature shows a strong correlation with "Build 

Crashed" events. Most of the layers have 0 or 1 times recorded bottom temperature events. But, in 

the layers with "Build Crashed" events, the layers have more than 100 recorded Bottom 

temperature events on a layer. However, there are no more new findings of it through the whole 

build. Therefore, it is hard to say that Bottom temperature solely cannot be a standard to find more 

defects.  

 

4-3-c. Last layer time 

"Last layer time" is a variable that records the length of time to be practically used to build 

a layer during the process. Most of the layers through the whole builds have one recorded last layer 
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time, but some layers have more than one time of it or no record on the layer. The summary of the 

previous layer time occurrence is shown below. 

Table 4-9: Summary of Last layer time 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Success / 

Fail 
Fail Fail Fail Fail 

Success 

(Tentative) 
Fail 

Total # of 

Layers 
335 335 232 254 335 104 

# of layers 

with no 

record 

3 5 4 2 4 2 

# of layers 

with more 

than 1 

record 

1 2 2 0 0 4 

Max 81.41 75.36 656.29 584.18 81.77 306.97 

Min 25.97 23.74 29.48 29.18 25.94 26.27 

Mean 43.55 57.93 71.36 71.01 66.48 52.92 

Median 42.21 63.96 78.92 78.95 75.31 41.19 

 

Compared to the successful build (7.18), the frequency of last layer time events on a layer 

does not significantly find more defects. Instead, a longer last layer time shows a clue to find more 

flaws. It is reasonable to think that fault occurred on a layer if the layer had spent more time to 

make a build. I set the threshold as 90seconds to find more defects. It is based on the maximum 

last layer time in build 7.18(successful build). Considering error tolerance, 90sec can be an 

excellent filter to find more defects. The summary of longer than 90 seconds last layer time is 

shown below. 
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Table 4-10: Summary of Last layer time over 90 sec 

Build Layer 
Last Layer Time > 90 

sec? 

Output description  

(Crashed / 

Stopped ?) 

6.28 102 N Stopped 

6.29 
20 N Stopped 

51 N Stopped 

7.3 

138 Y X 

139 Y X 

145 Y X 

190 Y X 

223 Y Crashed / Stopped 

231 Y Crashed / Stopped 

232 N Stopped 

7.10 

129 Y X 

130 Y X 

213 Y X 

224 Y X 

254 Y Crashed / Stopped 

7.23 

1 N Crashed / Stopped 

2 Y Stopped 

5 N Stopped 

85 Y X 

102 Y X 

104 Y Crashed / Stopped 

  

              This table shows that longer last layer time could originate from fault occurrence. Because 

of defects on layers, the length of some processes could be extended or be repeated more than 

designated times. Therefore, layer 138, 139, 145, 190 in build 7.3 / layer 129, 130, 213, 224 in 

build 7.10 / layer 85, 102 in build 7.23 are candidates of defective layers. 
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4-4. Type of defects: Powder issue 

When it comes to powder issue, it is generally associated with the two variables; the pulse 

length of the left and suitable regulator, as mentioned in table ##  

 

4-4-a. Pulse length (Left / Right regulator) 

            It is a variable that records a pulse length after finishing a raking movement at each layer. 

Because the rake in the additive manufacturing process moves left to right in odds layers and right 

to left in even-numbered layers, odds numbered layers have a pulse length of the right regulator, 

and even layers have a pulse length of the left regulator. It is not rare, but there are some layers 

without recorded pulse length. The summary of pulse length is shown below. 

 

Table 4-11: Summary of Pulse length 

Build 6.28 6.29 7.3 7.10 7.18 7.23 

Success / 

Fail 
Fail Fail Fail Fail 

Success 

(Tentative) 
Fail 

Total # of 

Layers 
335 335 232 254 335 104 

# of Layers 

with  

Pulse Length 

186 204 125 147 190 58 

Percentage 

having 

HVFB 

55.52% 60.89% 53.87% 57.87% 56.71% 55.76% 

Max 210 260 240 380 210 290 

Min 110 110 90 90 110 110 

Mean 141.29 143.07 142.76 146.30 140.47 149.56 

Median 140 140 140 140 140 140 

 

Compared to the successful build (7.18), the other five builds do not show any significant 

factors to classify new defective layers. Even after plotting the layers with "Build Stopped" or 
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"Build Crashed" events, it is hard to find significant factors to detect fault occurrence. Therefore, 

it is hard to say that Bottom temperature solely cannot be a standard to find more defects.  

 

4-5. Type of defects: Others 

Among the other variables, I focus on the two variables: "Designated process" and 

"Chamber Vacuum." Chamber Vacuum is a variable that shows the vacuuming condition of a build 

chamber. It is another essential condition to be kept like beam current during the manufacturing 

process. Also, Designated Process is another vital variable to find more defective layers. It is 

assumed that a layer might be a defective layer if a layer does not follow the designated procedure. 

 

4-5-a. Designated process 

It is the designated action to make each layer in a build. It has a repetitive and regular 

pattern of tasks based on the design. It consists of a combination of 10 or 11 tasks and actions.      

            The process consists of 3 types based on layer numbers. The three types are  

① Layer 1 ~ 80: "Lower Table" → "Move Rake" → "Fetch Powder" → "Move Rake" → "Rake Images" → 

"Melt → "Melt" → "Pre Heat" → "Wafer Support" → "Layer Images." 

            ②Layer 81 ~ 85: "Lower Table" → "Move Rake" → "Fetch Powder" → "Move Rake" → "Rake Images" 

→ "Melt → "Melt" → "Pre Heat" → "Wafer Support" → "Melt" → "Layer Images."  

            ③Layer 86 ~ 335: "Lower Table" → "Move Rake" → "Fetch Powder" → "Move Rake" → "Rake Images" 

→ "Melt → "Melt" → "Pre Heat" → "Wafer Support" → "Melt" → "Layer Images." 

 

   

Layer 1 ~ 80 Layer 81 ~ 85 Layer 86 ~ 335 

Figure 4-1: Designated Process 

 

We know 1 ~ 85 layers are designated as the support layers of the build from this result. 

Also, every layer has a fixed combination of tasks and actions. The successful build (7.18) shows 

that every layer in the build follows the designated process. Based on this, I analyze every layer 

through whole builds. The summary of it is shown below. 
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Table 4-12: Summary of Designated process 

Build Layer Do not follow the designated process? 
Output description  

(Crashed / Stopped ?) 

6.28 102 Y Stopped 

6.29 
20 Y Stopped 

51 Y Stopped 

7.3 

138 Y X 

139 Y X 

145 Y X 

190 Y X 

223 Y Crashed / Stopped 

231 Y Crashed / Stopped 

232 Y Stopped 

7.10 

129 Y X 

130 Y X 

213 Y X 

224 Y X 

254 Y Crashed / Stopped 

7.23 

1 Y Crashed / Stopped 

2 Y Stopped 

5 Y Stopped 

22 Y X 

58 Y X 

85 Y X 

102 Y X 

104 Y Crashed / Stopped 

 

            This result shows that defects happen when a layer does not follow the designated process 

without exception. It means 12 more layers have fault occurrence on each layer; layer 138, 139, 

145, 190 in build 7.3 / layer 129, 130, 213, 224 in build 7.10 / layer 22, 58, 85, 102 in build 7.23. 

Also, 1 ~ 85 layers could be unstable because those are layers for wafer support of the build.  
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4-5-b. Chamber Vacuum 

            It means vacuum condition in AM UHV chamber. The AM UHV chamber was designed 

to meet the functional requirements of a magneto-optical trap (MOT), the first essential component 

of nearly all quantum technologies based on cold atoms. These requirements are optical access for 

three orthogonal beam pairs, magnetic coils, a UHV environment, and the ability to connect to 

standard components, such as vacuum pumps [19]. 

            Firstly, I briefly summarized the data as an initial step to see the overall patterns of this 

variable.  

 

Table 4-13: Summary of Chamber vacuum 

Total # of 

Layers 
335 335 232 254 335 104 

# of Layers 

with  

Pulse Length 

186 204 125 147 190 58 

Max 210 260 240 380 210 290 

Min 110 110 90 90 110 110 

Mean 141.29 143.07 142.76 146.30 140.47 149.56 

Median 140 140 140 140 140 140 

 

            Compared to the successful build (7.18), the other five builds do not show any significant 

factors to classify new defective layers. Even after plotting the layers with "Build Stopped" or 

"Build Crashed" events, it is hard to find significant factors to detect fault occurrence. Therefore, 

it is hard to say that the Chamber vacuum solely cannot be a standard to find more defects.  
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CHAPTER 5 

Data matrices for modeling 

 

            The raw data from log files is time series-based and aggregated by each layer. Among the 

many features in raw data, 12 features are extracted as variables to predict defects. Based on the 

findings for the relationship between the output description(defects) and variables, eight variables 

show a high possibility to predict defects (Smoke detector count, beam current, high voltage grid, 

high voltage feedback, high voltage demand, column temp, last layer time, chamber vacuum). 

Even though the eight variables are significant for predicting defects, some of the features do not 

have an observation on some or many layers. Because some variables have many layers with 

missing data, the merged data set does not have many common layers. It makes low statistical 

power from results with small-sized data set. Therefore, it needs to select variables that do not 

have many missing layers with the observation. The table below summarizes the number of layers 

about the variables chosen from the previous chapter (Excluding layer 1~85 & layer 335). 

 

Table 5-1: # of layers that have recorded events of the variable 

Types of 

Defects 
Associated Variables 

# of layers that have recorded events of the variable 

6. 28 

(T: 335) 

6. 29 

(T: 335) 

7. 3 

(T: 232) 

7. 10 

(T: 254) 

7. 23 

(T: 104) 

Smoke Event 

Smoke Detector Counts 249 249 147 169 19 

Beam Current 249 249 147 169 19 

High Voltage Arc Trip 1 1 3 1 2 

Grid Voltage 

Error 

High Voltage Grid 249 249 147 169 19 

High Voltage DMD 2 3 3 5 6 

High Voltage FB 101 84 53 67 7 

Curling 

Bottom Temperature 52 59 88 62 50 

Column Temperature 2 4 4 3 3 

Current Build Last Layer 

Time 
249 249 147 169 19 

Powder Issue 
Left Regulator Pulse Length 

Right Regulator Pulse Length 
136 157 75 105 7 

Others 
Chamber Vacuum 249 249 147 169 19 

Designated Process 249 249 147 169 19 
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            Based on the result, the four variables (High Voltage Arc Trip, High Voltage Demand, 

Bottom temperature, Column Temperature) cannot be included in the merged dataset because of 

sparsity. Also, the two variables (High Voltage Feedback, Pulse Length) cannot be included in a 

combined data set because they have many missing data in the defective layers. If they will be 

included in a merged data set, it decreases fault occurrence possibility. Plus, Designated Process 

should not be included in the combined dataset because Designated Process and Fault occurrence 

(Response) shows 100% correlation.  

            Therefore, five variables (a. Smoke Detector Counts, b. Beam Current, c. High Voltage 

Grid, d. Current Build Last Layer Time, e. Chamber Vacuum) do not have missing data at any 

layer are components of the merged data set for further analysis. 

 

5-1. Generating variables and response 

            To make data set for analysis, there are two issues. First, the five variables (Smoke Detector 

Counts, Beam Current, High Voltage Grid, Chamber Vacuum) have more than one observation at 

a layer. It means the five variables need representative values for the aggregated data set by each 

layer. Therefore, I choose maximum, minimum, and mean values because the expected three 

values can be thresholds to make the ongoing layer defective. Second, the results from previous 

layers can be the factors to make defects at a layer. Just one variable or the combination of 2 more 

variables can be the reason for defects. To solve this problem, I set 3 previous layers' data from 

one layer as windows. The example of data set for analysis is shown below. 

 

 

Figure 5-1: Data matrices for modeling 
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            The picture shows data matrices for analysis. "Layer ID" represents observation which is 

each selected layer. "Variables" means the selected seven variables and the variables of 3 windows 

in each layer. However, the problem is to include layers 86 ~ 88 in layer ID because these layers 

do not have three windows after excluding support layers (layer 1~85).  To solve this problem, 

layers 86, 87, and 88 should be banned even though their information is included in layers 89,90, 

and 91. Thus, the total number of layer IDs is 818, not 833. Also, I choose to consider the 

information in 2 and 3 adjacent window layers. For example, it is assumed that the fault occurrence 

of layer "L" is affected by these layers: a) L (the current layer), b) L1 (the one layer before the 

current layer), c) L2 (the two layers before the current layer), d) L3 (the three layers before the 

current layer), e) the representative values from L2 to L1, f) the representative values from L3 to 

L1. 

Also, the number of variables is 82. There are four variables (Smoke Detector Counts, 

Beam Current, High Voltage Grid, Chamber Vacuum) which have one more record of variables 

in each layer. It means that the four variables can be divided into 12 representative values ([Min, 

Max, Median, Mean] x [Smoke, Beam, HV Grid]) for each layer. "Last Layer Time" has only one 

observation at each layer. In the case of Last Layer Time, it is reasonable to make the six associated 

layers from a) to e). Therefore, it can have a),b),c) and d), but not e), and f). Thus, the total number 

of variables is 82 (= 4(Smoke, Beam, HV Grid, Chamber Vacuum) x 3(Max, Min, Mean) x 6(L, 

L1, L2, L3, L1~L2, L1~L3) + 1(Last Layer time) x [4(L, L1, L2, L3) + 3(Max, Min, Mean) x 

2(L1~L2, L1~L3) ] 

Meanwhile, Boolean type data (Happened / Not happened) is the response. It means that 

they should not be treated as numeric values. It has to be treated as categorical data. Thus, I assume 

that the response is based on binary classification. 
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CHAPTER 6 

Design for analysis 

 

            Before implementing machine learning approaches, here is a problem. It is how to treat the 

highly imbalanced data set. The cleaned data set has only a 1.8%(= 15/818) probability of fault 

occurrence. It is a problem to implement machine learning algorithms because standard machine 

learning algorithms for classification are based on the assumption that the response is equally 

distributed. If the reaction is highly imbalanced, the algorithms generate a biased result towards 

the majority class. To solve this problem, it is needed to resample the data set for an equally 

distributed response. The methods that I consider are "Undersampling," "Over sampling," 

"Synthetic Data Generation." These methods are evaluated based on two approaches: Logistic 

regression and Tree-based Classification. These two approaches play a role as the first filter to 

choose the best fitted resampled data for further analysis.  

 

6-1. Modeling methods for imbalanced data 

This data set is highly imbalanced because the possibility of fault occurrence is only 1.8% 

(= 15 / 818). Standard machine learning algorithms struggle with accuracy on imbalanced data. 

Because of the unequally distributed response, machine learning algorithms generate a biased 

majority class result. It is because machine learning algorithms are designed to assume that the 

data set has balanced class distributions.  The methods that I choose to solve this problem are 1) 

Under sampling, 2) Over Sampling, 3) SMOTE (Synthetic data Generation), 4) ROSE (Random 

Over Sampling Examples). 

 

6-2. Modeling methods for machine learning implementation 

            Based on the resampled data set, I first implement two approaches to evaluate the data set. 

The two types of approaches are GLM (Generalized Linear Modeling) and Classification & 

Regression Tree.  These two methods play a role as the first filter to find the best-fitted data for 

each case.  

After that, it is needed to select significant features because it has many variables. 

Insignificant variables can cause an overfitting problem. If we overfit the sample, the model may 

not translate well to the remaining subjects in the population. Thus, feature selection is essential 
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for the high-dimensional data set. I use LASSO for GLM approach and Variable Importance for 

Classification & Regression tree to feature selection methods.  

When it comes to the LASSO method, it selects a different set of significant variables in 

every trial. Thus, I implement the practices repeatedly until the selection rate of each variable 

converges. Based on this result, I make thresholds to select a set of variables. Cross Validation 

analyzes this set. When it comes to the Variable importance method, I choose 99% of the sum of 

chosen variables' importance as a threshold. Then, I compare the methods using AUC (Area Under 

Curve).  

 

 

Figure 6-1: Modeling for the Implementation 
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6-2-a. Logistic regression (Generalized Linear Modeling) 

            This data set has binary data as the response. To implement linear regression with this data 

set, Logistic regression is a way to do it. Logistic regression is GLM (Generalized Linear 

Modeling) for a binary response. When the response is binary (1/0, 1=success, 0=failure), set µ as 

the success probability 

 

µ =  E(Y )  =  1 ×  P[Y =  1]  +  0 ×  P[Y =  0]  =  P[Y =  1]  =  π 

 

A GLM for binary Y with link function g(∙) relates π to the systematic component in the 

following: 

𝑔(π) =  α +  βx 

              

            Using this link function, we can implement a linear regression approach for the categorical 

response data set.  

 

6-2-b. Cross-validation based on LASSO 

LASSO is the acronym stands for Leas Absolute Shrinkage and Selection Operator. It is a 

type of linear regression that uses shrinkage. Shrinkage is where data values are shrunk towards a 

central point, as they mean. The lasso procedure encourages simple, sparse models (i.e., models 

with fewer parameters). This is well-suited for models showing high levels of multicollinearity or 

for variable selection. 

 

 

 

Lasso regression performs L1 regularization, which adds a penalty equal to the absolute 

value of the magnitude of coefficients. This type of regularization can result in sparse models with 

few coefficients; Some coefficients can become zero and eliminate from the model. "λ" is a tuning 

parameter that controls the strength of the L1 penalty.  

 

https://www.statisticshowto.com/mean/
https://www.statisticshowto.com/multicollinearity/
https://www.statisticshowto.com/regularization/
https://www.statisticshowto.com/integer/#abs
https://www.statisticshowto.com/integer/#abs
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Figure 6-2: Feature selection by LASSO 

 

 

            As λ is increased, coefficient estimates for standardized predictors shrink toward zero. 

LASSO tends to eliminate all but one of a set of correlated predictors. Thus, we can select variables 

and predict results. After choosing a set of variables from LASSO implementation, we can find 

the fittest model using k- fold Cross-Validation. 

k-fold Cross-Validation (k-fold CV) is the method to split a given data set into a "k" number 

of folds where each fold is used as a testing set at some point. 

 

 

Figure 6-3: K-fold Cross-validation 

 

            Among the k-fold samples from the original data, one of them acts as a testing sample for 

prediction, and the other samples work training samples for modeling (i.e., regression). This 

method is an excellent method to complement the over-fitting problem. 
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6-2-c. Tree based classification (Classification & Regression tree / CART) 

Classification and Regression Tree (CART) is a tree-based classification algorithm for 

categorical response data. It is used when the dataset needs to be split into classes that belong to 

the response variable. In this research case, the types are "Fault" and "Not Fault."  This 

classification tree splits the dataset based on the homogeneity of data. I use this method as the first 

filter to select the best-fitted sampling method.  

 

6-2-d. XG boosting (Extreme Gradient boosting) 

Based on the best-fitted resampled data, I implement XG Boosting to a better result. XG 

Boosting is the acronym of Extreme Gradient Boosting. It is also a tree-based machine learning 

algorithm and uses the same principle as Gradient Boosting. But, It has a better combination of 

software and hardware optimization techniques to yield superior results using less computing 

resources in the shortest amount of time. I implement this method into the resampled data set based 

on the CART result and compare the two results using AUC in the ROC method.  

 

6-2-e. AUC-ROC curve 

              AUC stands for "Area under the ROC Curve. A ROC curve (receiver operating characteristic 

curve) is a graph showing the performance of a classification model at all classification thresholds. This 

curve plots two parameters: 

- True Positive Rate 

- False Positive Rate 

True Positive Rate (TPR) is a synonym for recall and is therefore defined as follows: 

TPR=TP/(TP+FN) 

False Positive Rate (FPR) is defined as follows: 

FPR=FP/(FP+TN) 

A ROC curve plots TPR vs. FPR at different classification thresholds. Lowering the 

classification threshold classifies more items as positive, thus increasing both False Positives and 

True Positives. The following figure shows a typical ROC curve. 
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Figure 6-4: TP Rate vs. FP Rate (1) 

 

To compute the points in a ROC curve, we could evaluate a logistic regression model many 

times with different classification thresholds, but this would be inefficient. Fortunately, an 

efficient, sorting-based algorithm can provide this information for us, called AUC. AUC measures 

the entire two-dimensional area underneath the whole ROC curve (think integral calculus) from 

(0,0) to (1,1). 

 

 

Figure 6-5: TP Rate vs. FP Rate (2) 

 

AUC provides an aggregate measure of performance across all possible classification thresholds. 

One way of interpreting AUC is the probability that the model ranks a random positive example more highly 

than a random negative example. For example, given the following examples, which are arranged from left 

to right in ascending order of logistic regression predictions: 

 

 

Figure 6-6: TP Rate vs. FP Rate (3) 
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            AUC represents the probability that a random positive (green) example is positioned to the 

right of an unexpected negative (red) example. AUC ranges in value from 0 to 1. A model whose 

predictions are 100% wrong has an AUC of 0.0; one whose predictions are 100% correct has an 

AUC of 1.0. AUC is desirable for the following two reasons: 

1) AUC is scale-invariant. It measures how well predictions are ranked rather than their absolute 

values. 

2) AUC is classification-threshold-invariant. It measures the model's predictions irrespective of 

what classification threshold is chosen. 
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CHAPTER 7 

Implementation 

 

7-1. GLM based method implementation. 

 

7-1-a. Selection of resampled method based on GLM (Logistic Regression)  

            It is essential to select the best fitted resampled data for the next step. Resampling is a 

technique to make imbalanced datasets be evenly distributed. Because each modeling has different 

ways to transform a dataset, we need to choose the best fitted resampled data for GLM based 

approach in this chapter. Thus, I first implement Logistic Regression for each resampled data. The 

result is shown below 

 

 

 

Figure 7-1: AUC Comparison of resampled training sets (GLM based Implementation) 

 

            Among the four resampled data sets, only ROSEd data shows better performance than the 

original data set (the imbalanced data set). It means the ROSEd data set is the best model for 

Logistic regression without an imbalanced response issue. The next step is LASSO for feature 

selection. 
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7-1-b. Implementing LASSO for feature selection 

            LASSO chooses the best variable set based on cross-validation. Because Cross Validation 

is based on randomly divided test/training sets, the LASSO result can be changed with every 

different random seed. To compromise this result, I choose a selection ratio of each variable for a 

remedy. The percentage will be converged with the concept that I try many iterations with a 

different random seed. After 1,000 iterations, the ratio shows convergence with less than 0.1% 

error. 

            Based on this, I make ten different data sets with a 10% interval of the LASSO selection 

ratio. For example, "10% threshold data set" means a data set including a set of variables with 

more than a 10% ratio from iterated LASSO trials. The result is shown below 

 

 

Figure 7-2: # of variables by each model based on LASSO implementation 

 

             Each dataset has a different number of variables. Among these datasets, I choose the best-

fitted dataset based on Cross-Validation. 

 

7-1-c. Logistic regression with Cross-Validation 

            Then, I implement Logistic regression with Cross-Validation. The ratio of the training set 

is 80%, and the ratio of the test set is 20%. It is important to note that sampling techniques should 

only be applied to the training set, not the testing set. The test data set plays a role as the validation 

set for original information. Based on this concept, I implement Cross-Validation for each data 

set. The result is shown below 
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Figure 7-3: AUC comparison of each model based on LASSO implementation 

           

Among the ten different data sets, 20%, 30%, 40% threshold models show the best 

performance. The three models' AUC scores are more significant than the original data set. Thus, 

I can say that feature selection by LASSO selection shows improved performance.  

When it comes to the best-fitted model, the "40%" model is the best because the model is 

economical compared to the "20%" and "30%" models. The number of variables in the "40%" 

model is 46, which is much less than the other two models even though the AUC score of the 

"40%" model is almost the same as the other two. Also, the "50%" model shows a steep decline in 

the AUC score than the "40%" model. Thus, I can say that the 46 variables in the "40%" model 

can be significant. The list of the 46 variables is shown below. 
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Figure 7-4: Selected features by the best GLM based model 

 

 

7-1-d. Summary of the result from the "40% threshold" model (Training set: ROSE). 

            As we can see from the result in table ##, 46 variables in the "40% threshold" model show 

the best performance. These variables originate from 5 associated variables. It means all the five 

associated variables are significant to fault occurrence. The AUC Score (= 0.99) tells this model 

shows good performance to classify defective and non-defective layers. Even though the original 

data set is highly imbalanced, the AUC score of "40% Score" is still meaningful because the score 

is better than the original model. However, this approach is not intuitive when it comes to 

interpretation because there are too many variables. 
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7-2. Tree-based method implementation. 

 

7-2-a. Selection of resampled method based on CART 

It is essential to select the best fitted resampled data for the next step. Resampling is a 

technique to make imbalanced datasets be evenly distributed. Because each modeling has different 

ways to transform a dataset, we need to choose the best fitted resampled data for the CART 

(Classification and Regression Tree) based approach in this chapter. Thus, I first implement CART 

for each resampled data. The result is shown below 

 

 

Figure 7-5: AUC Comparison of resampled training sets (Classification Tree-based Implementation) 

 

Among the 5 data sets, which include four resampled and one original data set, ROSEd 

data shows the best performance than the other 4 data sets. It means the ROSEd data set is the best 

data set for Tree-based classification without an imbalanced response issue. For further analysis, 

the next step is XG boosting. 

 

7-2-b. XG boosting (Extreme Gradient Boosting) 

I implement XG boosting with Cross-Validation. The ratio of the training set is 80%, and 

the ratio of the test set is 20%. It is important to note that sampling techniques should only be 

applied to the training set and not the testing set. The test data set plays a role as a validation set 

for original information. The result of XG boosting is shown below 
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Figure 7-6: AUC-ROC Curve (XG boosting Implementation) 

              

            This Implementation generates a "1" AUC score. It means XG Boosting with ROSEd data 

set has the perfect performance to classify defective and non-defective layers. One of the tree-

based classification's advantages is that it shows the importance of variables. The variable 

importance of this Implementation is shown below 

 

 

Figure 7-7: The lists of important variables (XG boosting Implementation) 

 

            Among 82 variables, the Implementation selects 26 variables that have more than 0.001% 

variable importance. To focus on influential variables, I make a variable importance plot with more 

than 1% variable importance. 
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Figure 7-8: The top 6 of essential variables (XG boosting Implementation) 

 

            As shown above, six variables have more than 1% variable importance, and the most 

influential variable is the current layer's duration time ("Layertime_L"). Also, three associated 

variables, which are 1) Layer duration time, 2) High Voltage Grid, 3) Beam current, are in the list. 

 

7-2-c. Summary of the result from XG boosting model (Training set: ROSE). 

Based on ROSEd training set, XG boosting model shows better performance than the 

CART model. The XG boosting generates the best performance (AUC score = 1.00). It means this 

model offers the best performance to classify defective and non-defective layers. Even though the 

original data set is highly imbalanced, the AUC score of XG boosting Implementation is still 

meaningful because the score is better than the original data set. When it comes to interpretation, 

the result of XG boosting is quite intuitive.  

Among the 82 variables, 26 variables have more than 0.01% of variable importance to 

classify response. Also, it is possible to narrow down the lists. Only six variables have more than 

1% of variable importance, and the most influential variable is "Last Layer time" of a current layer 

which means a current layer's working time. The 2nd and 3rd variables are associated with the 

minimum of "High Voltage Grid," and the other three are associated with the maximum or mean 

of "Beam Current." 
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CHAPTER 8 

Conclusion 

 

            Preventing the fault during the EBM process saves time, energy, and money. As technology 

advances, fault occurrence has been a rare event. However, rare occasions can deteriorate the total 

quality of builds. Thus, It is essential to prevent the events. Because the fault occurrence is rare, 

the data set has a highly-imbalanced binary classification problem, which is another problem for 

implementing machine learning. To compromise the problem, I consider resampling techniques to 

make synthesized data set. Also, data cleaning, including feature selection, is another important 

step for machine learning because of the large data set. Among 20,000 features, I choose five 

features like variables and designate defective layers based on the previous findings. Also, I choose 

two types of machine learning approaches to predict fault occurrence: 1) GLM based approach, 2) 

Tree-based classification approach. 

            When it comes to the results, GLM based approach shows a high AUC score. However, 

among 82 variables, 46 variables show correlation with fault occurrences. These variables have all 

the five original variables' information, making it hard to interpret the result and predict/prevent 

future fault occurrence. Compared to GLM based approach, the tree-based classification approach 

shows more interpretable results with a high AUC score. Among 82 variables, Tree-based 

classification chooses only 26 variables with more than 0.001% of variable importance to the 

response. Also, there are six essential variables with over 1% of variable importance. 

 

 

 

Figure 8-1: The top 6 of essential variables (XG boosting Implementation) 
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            These variables originate from 3 variables ( a. Last_Layer time, b. HV Grid, c. Beam 

Current). This result is similar to the output from each variable analysis with fault occurrence.  

             1) The Layer duration time of the current layer shows a high correlation with fault 

occurrence. Because each layer has the same shape, it is reasonable to say, "If a layer duration time 

is out of the normal boundary, the layer has a high possibility of defects." 

             2) The minimum of a high voltage grid at a current layer or the previous layers also shows 

a high correlation with fault occurrence. To melt a pool by Beam, enough injection of Beam is 

needed. Thus, If a minimum voltage grid is lower than 200mA, I can say that the layer has a high 

possibility to have defects. It is because the layer's pool might not be fully melted. 

             But, it is hard to find direct correlation with fault occurrence by simple analysis when it 

comes to the maximum beam current. Based on the results, I conclude  

             1) Layer duration time can be a solid factor for finding more defective layers for future 

analysis. However, it is hard to predict and prevent future fault occurrence. It is because the layer 

duration time is an effect, not a cause. 

             2) With the combination of a minimum of HV Grid and a maximum of Beam current, we 

can prevent defects with real-time surveillance. For example, we can avoid fault occurrence by 

increasing HV Grid and decreasing Beam Current if one or both are out of each boundary. 

             On the other hand, there is a limitation. It is a shortage of data set. This analysis is only 

based on six trials with a 1.8% of fault occurrence rate. Because of this problem, Re-sampling 

techniques with synthesized data are needed to implement machine learning algorithms. Thus, this 

analysis contains distortion of the original information. To compensate for this problem, Many 

iterations are required. 
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