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Abstract 

 
This paper develops a methodology based on machine learning to detect defects during 

Powder Bed Fusion Additive Manufacturing (PBFAM) processes using data from high resolution 
images.  The methodology is validated experimentally using both a support vector machine (SVM) 
and a neural network (NN) for binary classification.  High resolution images are collected each 
layer of the build, and the ground truth labels necessary for supervised machine learning are 
obtained from a 3D computed tomography (CT) scan. CT data is processed using image processing 
tools—extended to 3D—in order to extract xyz position of voids within the component.  Anomaly 
locations are subsequently transferred from the CT domain into the image domain using an affine 
transformation. Multi-dimensional features are extracted from the images using data surrounding 
both anomaly and nominal locations. Using cross-validation strategies for machine learning and 
testing, accuracies of close to 90% could be achieved when using a neural network for in-situ 
anomaly detection.   
 

1. Introduction 
 

This investigation extends initial work conducted in [1][2] which was built upon the 
hypothesis that visual process sensors monitoring a PBFAM process, specifically high resolution 
in situ imaging of build surfaces, can capture visible features on build surfaces of individual layers 
that can be linked to discontinuities or indications of discontinuities in the resultant component. 
Discontinuities can be powder-induced or process-induced and commonly arise as a result of part 
solidification, from process errors in a nominal build environment or whenever process parameters 
deviate too much from their nominal settings [3]. Additionally, porosities can form from entrapped 
gas pores, appearing spherical in shape and with diameters in the order of ten of microns, or from 
elongated voids, arising from a lack of fusion between powder particles that can extend to several 
hundred microns in length [4].  

 
In this work, ground truth regarding the presence and exact location of discontinuities is 

established using an automated discontinuity detection methodology for CT scans developed by 
PSU/ARL. As a result, each three-dimensional (3D) neighborhood is labeled as either anomalous 
or nominal. Given the known part geometry and the introduction of unique reference points, the 
3D locations of anomalous and nominal neighborhoods can then be transferred from the CT 
domain into the in situ imaging domain, i.e. the stack of images collected during the build process. 
Using the associated labels “anomalous” and “nominal”, supervised machine learning can be 
employed in order to attempt and verify the detection of flaws using only layerwise images of the 
build surface. A high-level schematic of the overall process is shown in Figure 1. 
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Figure 1: High-level process schematic showing (i) extraction of anomalies from CT scan including transfer of 

coordinates to the DSLR domain on the left, (ii) in situ, layerwise imagery at the center, and (iii) feature 
extraction, supervised machine learning and performance evaluation on the right. 

Specific contributions of this work and extension to prior work presented in [1][2] include the 
development of: 

1. an updated anomaly detection algorithm for CT scans using separable convolution 
operators that are highly parallelizable and thus provide significantly shorter execution 
times when deployed on hardware accelerated platforms 

2. a streamlined clustering algorithm that groups adjacent, anomalous CT voxels into 
anomaly clusters without pre-defining the resulting number of clusters,  

3. an updated feature extraction methodology for layerwise imagery that extracts gradients 
rather than absolute grayscale intensity, thereby providing additional robustness to varying 
lighting conditions, and   

4. an extension of supervised machine learning concepts from a linear SVM toward a neural 
network architecture 

 

The paper is organized as follows. Section 2 describes the experimental setup for this work 
including the data collection process. Because anomalies are not detectable for a human observer 
within the layerwise imagery collected during this build process, post-build CT scans are utilized 
to detect anomalies and infer their xyz location in the part. This process is outlined in Section 3. 
Section 4 discusses the transfer of coordinates from the CT domain to the layerwise image domain.  
Feature extraction in the layerwise image domain is described in Section 5. Section 6 outlines 
machine learning and anomaly classification via linear SVM and NN and presents preliminary 
results. Section 7 concludes the paper and outlines future work.  
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2. Experimental Setup 
 

The PBFAM test build process was conducted in an EOS M280 AM system [5] and 
monitored by a 36.3-megapixel digital single-lens reflex (DSLR) CCD camera (Nikon D800E) 
mounted inside the build chamber. The DSLR camera captured a total of eight images of the build 
platform for each build layer using five light sources, with each different lighting condition 
designated as a flash module. The set-up including the test part used for this investigation, a step 
cylinder, are shown in Figure 2. Each number next to a light source indicates the designated flash 
module, with some light sources employed both after the powder recoating operation and again 
after the laser fusion step. The variation in lighting angle and characteristics enhances contrast in 
different ways, and reveals additional information that could not be provided by a single lighting 
source alone. Timing of image capture was triggered via proximity-sensor monitoring of the 
recoater blade, with images (1) - (3) captured immediately following the powder recoating 
operation, images (4) - (8) were captured immediately following the laser fusion step.  Additional 
details about the camera and light system setup in the EOS M280 AM system were reported by 
the PSU/ARL team in [6].   

 
Figure 2: Location of camera system and light sources within the build chamber. (1) - (8) sequence and 

locations of flash modules. The test part, here a step cylinder, is also shown on the right.  

A single stainless steel part, denoted as a step cylinder and shown on the right in Figure 2, 
was built with EOS Stainless Steel GP-1 powder using the EOS standard exposure parameters and 
processing strategy for 20 µm layers. The 10 mm tall ൈ 	∅10 mm cylinder was encircled by a 39-
step staircase starting near the base and ending at the top of the part, with a step height of 200 µm 
(10 layers). The small size of the test part was chosen to enable high resolution in the post-build 
CT scans (i.e. a larger test part would limit the scanning resolution). The 39-step staircase was 
incorporated into the design to provide unique reference points (i.e. corners of a staircase) in order 

Test Part – step cylinder 
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to estimate an affine transformation that enables the transfer of 3D coordinates from the CT domain 
into the DSLR (or in situ) layerwise domain. Then, neighborhoods of interest can be identified in 
the DSLR layerwise domain and properly labeled, e.g. anomalous or nominal, allowing for 
supervised machine learning. 

 
DSLR camera images of the entire build plate were cropped to a 400 x 400 pixel image 

centered on the step cylinder and RGB channels were combined to produce grayscale 
representations with 8 bit intensity values. For each flash module, DSLR images were stacked to 
create a 3D representation of the build process. Voxels in the DLSR domain were defined based 
upon image resolution and build layer height (~50 µm/pixel xy image resolution, 20 µm/layer). 
For comparison, CT scan resolution is 15 µm/voxel in x, y and z direction. Then, the grayscale 
intensity ܫ஽ௌ௅ோ is a function of the voxel location ݔூ, ,ூݕ  ூ in the image stack as row, column, andݖ
layer as well as the flash module index for each image ூ݂ ∈ ሼ1, 2, . . ,8ሽ. We find 

,ூݔ஽ௌ௅ோሺܫ   ,ூݕ ,ூݖ ூ݂ሻ ∈ ሾ0,255ሿ (1)

In this investigation the dimensions of the domain, denoted as the DSLR domain, was [400, 
400, 555, 8]. Further processing of the DSLR data primarily for the purpose of feature extraction 
is detailed later where appropriate. Figure 3 displays one layer image for each of the eight flash 
modules taken during a single layer of the step cylinder build.  

 
Figure 3: Eight flash module images of step 23: (1)-(3) post powder recoating flash modules and (4)-(8) post 

fusion flash modules. 

3. Detection of Anomalies in CT Scan 
 

A post-build CT scan, shown in the upper left in Figure 1, was obtained to create a 3D 
representation of the part. Voxels in the CT images are discretized at 15 µm/voxel resolution with 
8 bit intensity values ranging from 0 to 255. In the CT domain, gray scale intensity is a function 
of voxel locations ݔ஼்,   .representing row, column, and layer, i.e	஼்ݖ and	஼்ݕ

,஼்ݔ஼்ሺܫ  ,஼்ݕ ஼்ሻݖ ∈ ሾ0,255ሿ (2)
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For this experiment, the complete CT domain dimensions for the step cylinder were [1009, 1103, 
715] (or ~800 million voxels). 

 
Discontinuities (or anomaly voxels) in a part manifest themselves in CT scan images 

through noticeable spatial intensity gradients, i.e. irregular intensity values as compared to their 
surroundings. Anomaly CT voxels can be divided into two classes: (i) voids or pores which are 
low-intensity (low density) CT voxels surrounded by higher intensity (higher density) CT voxels, 
and (ii) super-densities (perhaps as the result of powder contamination) which are high-intensity 
(high density) CT voxels surrounded by lower intensity (lower density) CT voxels. Nominal CT 
voxels, characterized by discontinuity and indication-free regions of a test part, are observed as 
CT voxels that are surrounded by similar intensity CT voxels, thereby generating a near zero 
intensity gradient.  

 
In order to detect intensity gradients in any direction, a digital 3D Gaussian kernel was 

constructed and convolved with the CT image stack. Over a normalized 3D domain with 
,௞ݔ ,௞ݕ ௞ݖ ∈ ሾെ1,൅1ሿ, we select a kernel of the form 

 
,௞ݔ௡ሺܭ ,௞ݕ ௞ݖ ሻ ൌ expቆെ

௞ଶݔ ൅ ௞ଶݕ ൅ ௞ଶݖ

ଶߪ
ቇ െ  ଴ (3)ߛ

with standard deviation ߪ ൌ 0.5 and offset parameter ߛ଴ ∈ Թ to yield a zero mean kernel, i.e.  

 
0 ൌමܭ௡ሺݔ௞, ,௞ݕ ௞ሻݖ ௞ݔ݀ ௞ݕ݀ ௞ݖ݀

ାଵ

ିଵ

 (4) 

As compared to [1][2] in which a Gabor wavelet was used, a Gaussian kernel allows for a 
separation of dimensions during the convolution, which significantly reduces the computational 
complexity of the convolution operation. In fact, it can be shown that any 3D convolution using 
the Gaussian kernel (3) can be separated using the three 1D kernels  

 ݇௫ሺ: ,1,1ሻ ൌ expሺെ ௞ଶݔ / ଶሻߪ
݇௬ሺ1, : ,1ሻ ൌ expሺെݕ௞ଶ / ଶሻߪ
݇௭ሺ1,1, : ሻ ൌ expሺെ ௞ଶݖ /  ଶሻߪ

(5) 

representing 1D tensors along different spatial directions. Then, for any CT image ܫ஼், we find the 
convolution response to be separable into  

஼்ܫ  ∗ ,௞ݔ௡ሺܭ ,௞ݕ ௞ሻݖ ൌ ஼்ܫ ∗ ݇௫ሺ: ,1,1ሻ ∗ ݇௬ሺ1, : ,1ሻ ∗ ݇௭ሺ1,1, : ሻ 

				 														െ	ߛ଴ ஼்ܫ ∗ 1௫ሺ: ,1,1ሻ ∗ 1௬ሺ1, : ,1ሻ ∗ 1௭ሺ1,1, : ሻ 
(6) 

where * denotes the convolution operator. Here, 1௫ሺ: ,1,1ሻ, 1௬ሺ1, : ,1ሻ and 1௭ሺ1,1, : ሻ are 
all-ones 1D tensors in row, column and layer direction, respectively, and of dimensions equal to 
those of ݇௫ሺ: ,1,1ሻ, ݇௬ሺ1, : ,1ሻ and ݇௭ሺ1,1, : ሻ. Note, that due to the zero mean requirement and the 
addition of the ߛ଴ parameter in (3), the 3D convolution between CT image ܫ஼் and kernel 
,௞ݔ௡ሺܭ ,௞ݕ   .௞ሻ, is broken down into six 1D convolutions in (6)ݖ
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The actual size of the normalized kernel (3) can be scaled in order to extract anomalies of 
different physical sizes within the CT imagery. Therefore, the individual domains for ݔ௞,  ௞ andݕ
 ௞ will be discretized and subdivided into the appropriate number of CT voxels ݊௞, which thenݖ
defines the physical size of the 3D Gaussian kernel. The left plot in Figure 4 shows a sliced view 
of such a kernel for ݊௞ ൌ 17. Given a CT resolution of 15݉ߤ per voxel, this kernel size 
corresponds to a volume of ሺ255݉ߤሻଷ. The right side of Figure 4 depicts the Gaussian envelop in 
1D, which also illustrates the approximate size of the anomaly that would be extracted by virtue 
of 3D image convolution. The lower plot shows the approximate size of extracted anomalies when 
using kernel sizes 3 to 31. 

Figure 4: Left - Sliced view of 3D Gaussian kernel of size ࢑࢔ ൌ ૚ૠ used for anomaly detection in CT.  
Right – Gaussian envelope in 1D (top) and approximate anomaly size versus kernel size (bottom).  

Given a kernel size ݊௞, the computational requirements to generate the convolution 
response reduce from ݊௞ଷ multiplications per voxel in the CT image to 6݊௞ multiplications per 
voxel. Additionally, the values for minuend and subtrahend in (6) can be computed in parallel. For 
the CT image used in this work, which consist of ~800 million voxels, the time to generate a 
convolution response for a 3D Gaussian kernel with size ݊௞ ൌ 17 was reduced from 155sec 
(1200sec when using a CPU only) to 35sec using a Tesla C2070 GPU. This reduction in processing 
time further allows the user to generate convolution responses for multiple kernel sizes in a 
reasonable amount of time, thereby allowing for the extraction of anomalies of various sizes as 
illustrated in the bottom right in Figure 4. 
  

For anomaly detection in CT, convolution responses for eight kernel sizes from ݊௞ ൌ 3 to 
݊௞ ൌ 17 in steps of 2 were generated. A voxel is labeled anomalous if its convolution response 
exceeds a threshold of ݐ஺ standard deviations from the mean response for any of the eight 
convolution responses. Typical values for ݐ஺ range from 5 to 10, which allows the user to manually 
increase/decrease the number of detected anomalies. Note that max values within the convolution 
response will be associated with super-densities, while min value (for which the convolution 
response is below ݐ஺ standard deviations from the mean) will be associated with voids or pores.  

 
A voxel is labeled nominal if its convolution response stays within a threshold of ݐே 

standard deviations from the mean response for all of the eight convolution responses. Typical 
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values for ݐே range from 0.1 to 0.5. Again, both ݐ஺ and ݐே, with ݐ஺ ൐  ே are design parametersݐ
dictating the amount of voxels being extracted as either anomalous or nominal.  

 
Locations of anomalies and nominal voxels are subsequently stored in matrix form using 

஺ାܣ ∈ Թ௡ಲൈଷ for ݊஺ anomalies, i.e. super-densities and voids, and ܣே ∈ Թ௡ಿൈଷ for ݊ே nominal 
CT voxels. After extraction, anomaly voxels are clustered by simply assigning two adjacent 
anomaly voxels, i.e. voxels of same type and within a distance of ݀௖ voxels from one another, to 
the same cluster. As compared to [1][2], an iterative search for finding the number of resulting 
clusters is no longer necessary. An example of a resulting cluster consisting of 669 individual CT 
voxels is shown in Figure 5. In addition to the cluster configuration on the left, the respective CT 
scan slices for XY, YZ and XZ planes are shown on the right. Those 40x40 slices correspond to 
an area of 600µm x 600µm. The apparent grayscale intensity gradient which shows low intensity 
voxels surrounded by high intensity voxels confirms this anomaly as a ‘void’.  

 

Figure 5: Extracted anomaly cluster in CT domain showing voxel configuration on the left and CT scan slices 
for XY, YZ, and XZ plane on the right.  
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4. Mapping Anomalies into DSLR Domain 
 

The transformation of CT anomaly coordinates into DLSR coordinates is based on the work 
in [1][2]. Given the unique geometry of the step cylinder utilized in this work, distinct reference 
points, here two corners per step, are extracted in the CT domain as well as the DSLR domain. 
Using a linear least squares approach, an affine transformation defined by a matrix ܶ ∈ Թଷൈଷ and 
a bias vector ܾ ∈ Թଷൈଵ can be estimated between the two sets of reference points. Then the 
corresponding coordinates in the DSRL domain denoted ܤ෨஺ ∈ Թ௡ಲൈଷ and ܤ෨ே ∈ Թ௡ಿൈଷ are 
computed via 

෨஺்ܤ  ൌ ஺்ܣܶ ൅ ܾ 1௡ಲ  

෨ே்ܤ ൌ ே்ܣܶ ൅ ܾ 1௡ಿ 
(7) 

Here, 1௡ಲ and 1௡ಿ denote all-ones row vectors of dimensions indicated by the subscript. 
DSLR reference points as well as CT reference points projected into the DSLR domain are shown 
on the left in Figure 6. Only a small residual error is noticeable after transformation. Residual 
errors in the generated coordinate transformation can arise due to the non-exact extraction of 
reference points, distortion of the component in a nonlinear, non-affine manner during and after 
the build, or by fluctuations in the melt pool that remain during and after solidification. Therefore, 
the residual transformation error dictates the size of the DSLR neighborhood in which to expect 
the anomaly. Consequently feature extraction in the DSLR domain must entail a large enough 
neighborhood, or convolution kernel, in order to guarantee that the actual anomaly as indicated by 
the CT scan was captured.  

Figure 6: Left - DSLR and transformed CT reference points showing small residual, transformation error. 
Right - Size comparison showing high resolution CT voxel (blue) and lower resolution DSLR voxel (red). 

The right side of Figure 6 depicts the difference in size between the high resolution CT 
voxels (blue - 15݉ߤ ൈ ݉ߤ15 ൈ ݉ߤand the lower resolution DSLR voxels (red - 50 (݉ߤ15 ൈ
݉ߤ50 ൈ  This mismatch in resolution causes a down-sampling between CT and DSLR .(݉ߤ20
domains. In other words, several CT voxels will be mapped into the same DSLR voxel, thereby 
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reducing the number of unique coordinates for anomalies as well as nominal build conditions. Note 
that the ratio of volumes between DSLR voxels and CT voxels is approximately 15:1. 
Consequently, duplicate entries in ܤ෨஺ and ܤ෨ே are removed to generate sets of unique DSLR 
coordinates, which are then re-captured by the matrices ܤ஺ ∈ Թ௠ಲൈଷ and ܤே ∈ Թ௠ಿൈଷ. Note that, 
due to down-sampling, the number of entries (or rows) in both matrices reduces to ݉஺ ൏ ݊஺ and 
݉ே ൏ ݊ே, respectively. 
 

5. Feature Extraction in DSLR Domain 
 

As discussed in the previous Section, an error in the coordinate transformation from CT 
domain into DSLR domain may be present and thus ground truth labels may be offset slightly in 
the DSLR domain without accountability or certainty. On one hand, narrow feature extraction in 
the DSLR domain would potentially miss voxels of interest, and discontinuity detection would not 
be successful. On the other hand, a large feature extraction filter would increase the overall 
confidence in capturing the voxels of interest, while simultaneously expanding the dimensionality 
of the underlying classification problem. The latter not only requires additional computational 
bandwidth for training but also presents concern for overfitting. Therefore and as described in [1], 
the size of the feature extraction filter is directly based on the residual error of the coordinate 
transformation. In [1], the root-mean-square error (RMSE) in x, y and z direction was ~1.75, ~1.5, 
and ~0.75 DSLR voxels, respectively, corresponding to 87.5, 75, and 37.5 µm. Then, a feature 
extraction filter of size 7 x 7 x 3 DSLR voxels provides a 95% confidence (corresponding to ±2 
standard deviations) that the extracted CT anomaly including label is properly captured in the 
DSLR neighborhood spanned by the filter.  

 
Figure 7 depicts an outline of the feature extraction filter (or 3D convolution kernel) 

expanding through three layers of the DSLR domain. An illustration of the 3D convolution over 
the stack of layerwise DSLR images is shown on the left and over actual DSLR imagery on the 
right. The red outline indicates the filter, 7 x 7 x 3 DSLR voxels (350 x 350 x 60 µm), which is 
centered on the labeled DSLR voxel.   

Figure 7: Left – Illustration of 3D convolution using 7x7x3 filter over stack of layerwise DSLR images.  
Right - Outline of feature extraction filter over a ground truth anomaly in DSLR domain. 

Given any filter size	൫ݔ௙, ,௙ݕ ௙൯,  ݊௙ݖ ൌ  ௙ linearly-independent filters for featureݖ௙ݕ௙ݔ
extraction can be created, where one filter extracts one feature. In [1], this was done by setting 
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only one filter element to 1 at a time, while the remaining ݊௙ െ 1 elements in a filter are set to 
zero. For the selected filter size, we find ݊௙ ൌ 3	ݔ	7	ݔ	7 ൌ 147 and each of the 147 filters then 
extracts an intensity value from a DSLR voxel as one feature dimension. The entire set of filters 
then extract the neighborhood of DSLR voxel grayscale intensities surrounding the estimated 
DSLR coordinate of the labeled CT voxel. Any additional filter constructed would be a linear 
combination of the first ݊௙ filters and thus contain no additional information for linear machine 
learning classification. 

 
In order to relax the reliance on absolute intensity, which may be fluctuating as the process 

evolves and lighting conditions vary, and to enforce anomaly detection based on intensity gradient 
information, all filters have been modified in this study to reflect zero mean values. In other words, 
all filter elements are offset by െ1/147 such that for each filter the sum of all filter elements is 
zero.  

 
Via 3D convolution and as illustrated on the left of Figure 7, an ݊௙-dimensional feature 

vector is generated for each voxel of interest, i.e. each voxel that has previously been labeled 
‘anomalous’ or ‘nominal’. In the following, we denote the feature vector as ܺ௞,௜ ∈ Թ௡೑ where ݅ 
indicates the incremental index of the voxel (or data sample) and ݇ represents the flash module, 
see Figure 3, from which the feature vector was extracted. The same sized feature extraction filter 
is used in each of the eight individual DSLR flash module domains. 

  
6. Machine Learning and Anomaly Detection 

 
This section outlines a linear support vector machine (SVM) and neural network (NN) 

architecture for in situ anomaly detection. Both architecture will be outlined and formally 
compared. Following feature extraction in the DSLR domain discussed in Section 5, a feature 
matrix is generated for each flash module ݇ ൌ 1, . . ,8 containing ݊௦ data samples (or voxels of 
interest). Here, ݊௦ denotes the total number of 3D neighborhoods, anomalous and nominal, and 
each data sample contains ݊௙ features extracted from the specific 3D neighborhood. The feature 
matrix for flash module ݇ is then given by  

ܺ௞ ൌ ሾܺ௞,ଵ ܺ௞,ଶ ⋯ ܺ௞,௡ೞሿ ∈ Թ௡೑ൈ௡ೞ (8) 

where ܺ௞,௜ ∈ Թ௡೑, ݅ ൌ 1. . ݊௦, i.e. the columns of ܺ௞, are the individual, ݊௙-dimensional feature 
vectors. The associated vector of labels is denoted ܻ ∈ ሼ0,1ሽ௡ೞ, with elements ௜ܻ ൌ 1 or ௜ܻ ൌ 0 
denoting that data sample ܺ௞,௜ describes an anomaly or nominal condition, respectively.   

 
In the following, Section 6.1 discusses and compares in-situ anomaly detection via linear 

Support Vector Machine (SVM) and Neural Network (NN) classifier using single flash modules 
only. Anomaly detection using fused information from multiple flash modules is presented in 
Section 6.2.  

 
6.1 Anomaly Detection using Single Flash Module 

 
In this section, anomaly detection is carried out using only single flash imagery information 

ܺ௞. Sections 6.1.1 and 6.1.2 introduce classification architectures using the linear SVM and the 
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NN approach, respectively. Overall classification results including a formal comparison between 
both approaches using standard classification performance metrics is presented in Section 6.1.3. 

6.1.1 Linear SVM Architecture using Single Flash Module 
 

SVMs are discriminative classifiers that utilize a hyperplane to separate data samples with 
different labels within the feature space [7]. For an ݊௙-dimensional feature space with ݔ ∈ Թ௡೑, a 
hyperplane is defined by  

ݔ்ߚ െ ଴ߚ ൌ 0 (9)

where ߚ ∈ Թ௡೑ is the hyperplane’s normal vector, and ߚ଴ ∈ Թ is a bias parameter. As an example, 
Figure 8 shows such a hyperplane in two dimensions separating two classes of data points. The 
“best” separating hyperplane is defined by a subset of data points, called support vectors, and 
provides an optimal solution for a user-defined trade-off between in-sample classification accuracy 
and a wide margin of separation between the two classes. The margin of separation given by ݀ ൌ
 The trade-off between minimizing in-sample misclassifications and maximizing the .‖ߚ‖/2
margin of separation is commonly resolved via soft-margin classification [7].  

 
With the feature matrix from (8), one can construct a linear SVM classifier for each flash 

module ݇ that predicts labels ෨ܻ௞,௜ via  

෨ܻ௞,௜ ൌ 1   if   ߚ௞ ܺ௞,௜ െ ௞,଴ߚ ൐ 0  

෨ܻ௞,௜ ൌ 0   if   ߚ௞ ܺ௞,௜ െ ௞,଴ߚ ൑ 0  
(10)

Four-fold cross validation is used to find the hyperplane parameters ߚ௞ and ߚ௞,଴ that 
provide the best in-sample classification accuracy between true labels ௜ܻ and predicted labels ෨ܻ௞,௜ 
while also maximizing the margin of separation between both classes of data points. Note that 
predictions for the sample ݅ may differ between flash modules used, and therefore ܻ෨௞,௜ is a function 
of k while the true label ௜ܻ is not. During four-fold cross validation, one classifier is trained on 3/4 
of the data and tested for out-of-sample performance on the remaining, unseen 1/4 of the data. 
Numerical SVM algorithms and software libraries are readily available, and MATLAB’s fitcsvm 

Figure 8: Example of separating hyperplane in two dimensions (original source Wikipedia). 

1373



function was utilized for this work. Classification results for all flash modules ݇ are discussed in 
Section 6.1.3. 

 

6.1.2 Neural Network Architecture using Single Flash Module 
 
The neural network architecture utilized for machine learning and anomaly detection 

follows the layout of a fully connected two-layer perceptron. It is shown on the left in Figure 9. 
The feature vectors ܺ௞,௜ constitutes the input to the neural network, while the output is given by 
the corresponding prediction ෠ܻ௞,௜ ∈ ሾ0,1ሿ.  

Figure 9: Left - Neural network architecture, i.e. fully connected two-layer perceptron, for single flash 
module k, mapping the feature vector ࢏,࢑ࢄ into corresponding prediction ࢅ෡࢏,࢑ ∈ ሾ૙, ૚ሿ. Right - Sigmoid 

activation function ࣌ for neural network. 

The selected architecture utilizes a single hidden layer with states ܪ௞,௜ ∈ ሾ0,1ሿଵଶ. The 
dimension of ܪ௞,௜ is a design parameter trading computational complexity for overall fidelity of 
the underlying data representation. For the application at hand, the dimension for the hidden layer 
was chosen to be 12 in order to achieve similar reduction in dimensionality for the signal path 
from input to hidden layer (i.e. 147:12) and hidden to output layer (i.e. 12:1). Assuming a fully 
connected neural network, the signal path between input layer and hidden layer is then given by  

௞,௜ܪ ൌ ൫ߪ ௞ܹ,ଵ ܺ௞,௜ ൅ ܾ௞,ଵ൯ (11)

using the weight matrix ௞ܹ,ଵ ∈ Թଵଶൈଵସ଻, bias term ܾ௞,ଵ ∈ Թଵଶ, and the activation function ߪ. The 
sigmoid function, shown on the right in Figure 9, represents a common choice for neural network 
applications [8]. Similar to the hidden layer (11), the prediction at the output layer can now be 
constructed via 

෠ܻ௞,௜ ൌ ൫ߪ ௞ܹ,ଶ ௞,௜ܪ ൅ ܾ௞,ଶ൯ ∈ ሾ0,1ሿ (12)

using the weight matrix ௞ܹ,ଶ ∈ Թଵൈଵଶ,  and the bias term ܾ௞,ଶ ∈ Թ. Note that for the weight 
matrices ௞ܹ,ଵ, ௞ܹ,ଶ and bias parameters ܾ௞,ଵ, ܾ௞,ଶ, the first subscript denotes the flash module, 
while the second subscript denotes the layer in the neural network.   
 

With the vector of predictions ෠ܻ௞ ൌ ൣ ෠ܻ௞,ଵ … ෠ܻ௞,௡ೞ൧ ∈ ሾ0,1ሿ
௡ೞ (one element for each of 

the ݊௦ data samples) generated at the output of the NN, the objective for machine learning is to 
train the NN, i.e. estimate weight matrices and bias terms, in order to best approximate the set of 
true labels ܻ. Following guidelines from [8], a cross entropy cost function is utilized to quantify 

dimensions dimensions dimension

input layer hidden layer output layer
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the difference between ܻ and ෠ܻ௞. The cross entropy for the collection of true and predicted labels 
is defined as  

,൫ܻܪ ෠ܻ௞൯ ൌ 	െ
1
݊௦
෍ൣ ௜ܻ ln ෠ܻ௞,௜ ൅ ሺ1 െ ௜ܻሻ ln൫1 െ ෠ܻ௞,௜൯൧
௡ೞ

௜ୀଵ

 (13)

Figure 10 displays cross entropy (13) as function of the prediction ෠ܻ௜ ∈ ሾ0,1ሿ for the cases ௜ܻ ൌ 1 

(blue) and ௜ܻ ൌ 0 (red). For the comparison, the squared error ൫	 ௜ܻ െ ෠ܻ௜൯
ଶ
 is also plotted for both 

cases using dashed lines. The cross entropy effectively resembles the loss function between two 
probability distributions, and it is thus frequently used for optimization and probability estimation. 
Despite being highly nonlinear, the cross entropy improves and accelerates achievable learning 
rates during NN training. As shown in [9], this is especially the case when using gradient-descent-
based optimization techniques and sigmoid-activation functions.  

 
NN training is carried out using back propagation [8]. Back propagation is an iterative, 

gradient-descent-based optimization scheme to successively update the weight matrices ௞ܹ,ଵ and 

௞ܹ,ଶ as well as bias vectors ܾ௞,ଵ and ܾ௞,ଶ such that a pre-defined cost function, here ܪ൫ܻ, ෠ܻ௞൯ from 
(13) will be minimized over time. Regularization terms may be added to prevent network 
parameters from growing too large during training. Similar to the linear SVM, NN training is 
carried out using a four-fold cross validation scheme.  

 
6.1.3 Classification Results using Single Flash Module 

 
Adhering to standard performance metrics for binary classification, a confusion matrix as 

shown in Table 1 can be generated for each flash module ݇	and for each classification approach, 
i.e. linear SVM with predictions ෨ܻ௞,ଵ and NN with predictions ෠ܻ௞,௜.  

 
 

Figure 10: Cross entropy (solid) compared to squared error (dashed) as function of predicted label ࢅ෡࢏ ∈ ሾ૙, ૚ሿ
for true label ࢅ ൌ ૚ (blue) and ࢅ ൌ ૙ (red). 
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Table 1: Confusion matrix including definitions for TNs, FPs, FNs, and TPs. 

  Prediction 

  ෠ܻ௞,௜ , ෨ܻ௞,ଵ ൌ 0 (nominal) ෠ܻ௞,௜ , ෨ܻ௞,ଵ ൌ 1 (anomaly) 

Condition 
(ground truth) 

௜ܻ ൌ 0 (nominal) True Negatives (TNs) False Positives (FPs) 

௜ܻ ൌ 1 (anomaly) False Negatives (FNs) True Positives (TPs) 

 
From [1][2], the existing data set consists of ݊௦ ൌ 900 data samples of which 720 samples 

are labeled nominal, i.e. ௜ܻ ൌ 0, and 180 samples are labeled anomalous, i.e. ௜ܻ ൌ 1. A four-fold 
cross validation scheme is used to train and test both SVM-based or NN-based approaches. During 
four-fold cross validation, a single classifier is trained on 3/4 of the data (i.e. 540 nominals and 
135 anomalies) and subsequently tested for out-of-sample performance on the remaining, unseen 
1/4 of the data (i.e. 180 nominals and 45 anomalies). Cycling through all four folds for data 
partitioning, each data sample will be used three times for training and once for testing. For each 
1/4 of data, out-of-sample test results as established by the corresponding classifier are added to 
the confusion matrix. After the confusion matrix has been constructed, the following balanced 
performance metrics can be computed 

Accuracy ൌ
4TPs ൅ TNs

4TPs ൅ FPs ൅ 4FNs ൅ TNs

Precision ൌ
4TPs

4TPs ൅ FPs

Recall ൌ
4TPs

4TPs ൅ 4FNs

F1 െ Score ൌ
2 ∙ 4TPs

2 ∙ 4TPs ൅ FPs ൅ 4FNs

 (14)

It is important to note that when populating the confusion matrix in Table 1, all anomalies, 
i.e. ௜ܻ ൌ 1, will be weighted by a factor of 4 in order to account for the uneven distribution of 
positive and negative samples (or prevalence of only 0.2). In other words, all TPs and FNs are pre-
multiplied by 4 in (14) to generate balanced performance metrics. 

 
Figure 11 shows the resulting metrics (14) for all eight flash modules, i.e. ݇ ൌ 1,… ,8, using 

single flash classifiers. Results for linear SVM classification are plotted in red, while NN-based 
results are plotted in blue. It is clear from Figure 11 that (i) anomaly detection based on single 
flash information is indeed possible using either approach, as accuracy is consistently above 0.5, 
and (ii) overall classification performance increases if the neural network architecture from Section 
6.1.2 is used.   
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Figure 11: Classification performance for each flash module using linear SVM (red) and neural network 

(blue) showing accuracy, precision, recall, and F1-score. 

As with any classification scheme, one can usually trade FPs (or Type I misclassifications) 
for FNs (or Type II misclassifications). Depending on the application, it may be more severe to 
miss an anomaly than to falsely identify a nominal build condition as anomaly. For both 
approaches, the bias terms, specifically ߚ௞,଴ in (10) for SVM and ܾ௞,ଶ in (12) for NN, can be 
manually modified to achieve such a trade-off. 

 
Figure 12 on the next page displays classification performance using receiver operating 

characteristic (ROC) curves that track the true positive rate (TPR) and false positive rate (FPR) as 
the bias term is modified. By definition, the upper right corner of the ROC curve represents the 
case for with ߚ௞,଴, ܾ௞,ଶ → െ∞, i.e. all predictions are positive (anomalies), while the lower left 
corner represents the case for which ߚ௞,଴, ܾ௞,ଶ → ൅∞, i.e. all predictions are negative (nominal 
build). TPR (also known as Recall) and FPR (also known as Fall-out) are defined as follows 

TPR ൌ
TPs

TPs ൅ FNs
∈ ሾ0,1ሿ

FPR ൌ
FPs

FPs ൅ TNs
∈ ሾ0,1ሿ

 (15)

ROC curves are plotted in red for the SVM classifier and in blue for the NN classifier. 
Cumulative performance is measured by the area under the curve (AuC), satisfying 0 ൑ ܥݑܣ ൑ 1. 
The performance gain when using the NN approach over the SVM classifier is highlighted in 
yellow, showing an average increase of about 20%.  
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Figure 12: Receiver operating characteristic (ROC) curve for classification performance for each flash 

module using linear SVM (red) and neural network (blue) classifiers. Performance gain (yellow) when using 
the neural network is measured by the area under the curve (AuC), satisfying ૙ ≤ ࡯࢛࡭ ≤ ૚. 
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From Figure 11 and Figure 12, it can be concluded that some flash modules provide better 
discriminatory features than others. Best overall classification performance is found for flash 
module ݇ ൌ 3 using accuracy in Figure 11 and AuC in Figure 12 for either classifier. Using the 
same criteria, flash module ݇ ൌ 5 appears to provide the worst classification performance.  

 
6.2 Anomaly Detection fusing Information from Multiple Flash Modules 

 
Both SVM and NN frameworks can be augmented to accommodate multiple flashes and to 

make prediction based on fused imagery information. Using the feature matrices ܺ௞ for each flash 
module ݇ as given in (8), a concatenated feature matrix ܺ	can be constructed  

ܺ ൌ ൥
ଵܺ
⋮
଼ܺ
൩ ∈ Թ଼௡೑ൈ௡ೞ (16)

The new, concatenated feature matrix now contains 8݊௙ feature dimensions, while the number of 
samples ݊௦ remains unchanged.  
 

The linear SVM approach (10) can be modified to accommodate the higher dimensional 
feature space Թ଼௡೑. For the feature matrix (16), we find  

෨ܻ௜ ൌ 1   if   ߚ ௜ܺ െ ଴ߚ ൐ 0  

෨ܻ௜ ൌ 0   if   ߚ ௜ܺ െ ଴ߚ ൑ 0  
(17)

Similar to the single flash SVM approach, four-fold cross validation is used to find the hyperplane 
parameters ߚ ∈ Թ଼௡೑ and ߚ଴ ∈ Թ that provide the best in-sample classification accuracy between 
true labels ܻ ௜ and predicted labels ෨ܻ௜. Note that compared to (10), the subscript ݇  has been removed 
to indicate the concatenation of all flash modules.  
 

The augmentation of the NN-based classification scheme towards multiple flash modules is 
similar to the SVM approach, and the NN utilizes the same, concatenated feature matrix ܺ from 
(16) as input. In order to keep the number of weight parameters tractable, feature vectors are 
propagated individually from input layer into the hidden layer for each flash ݇. The architecture 
now represents a partially connected two-layer perceptron. Similar to the single flash case (11), 
we find 

௞,௜ܪ ൌ ൫ߪ ௞ܹ,ଵ	ܺ௞,௜ ൅ ܾ௞,ଵ൯    with    ܪ௞,௜ ∈ ሾ0,1ሿଵଶ (18)

Data fusion of imagery information across all flashes is carried out at the hidden layer by 
concatenation all hidden layer states such that  

௜ܪ ൌ ቎
ଵ,௜ܪ
⋮
௜,଼ܪ

቏ ∈ ሾ0,1ሿଽ଺     (19)

Predictions are then constructed using information from all flashes via 

෠ܻ௜ ൌ ൫ߪ ௞ܹ ௜ܪ ൅ ܾ௞൯ ∈ ሾ0,1ሿ (20)

with the weight matrix ଶܹ ∈ Թଵൈଽ଺ and bias term ܾଶ ∈ Թ.  
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In order to accelerate NN training, weight matrices can be initialized using values previously 
learned for the single flash scenario. In other words, the single flash NN classification may serve 
as pre-training for the multi-flash case. However, besides weight initialization, the overall scheme 
for NN training via backpropagation remains unchanged.  

 
Classification metrics (14) can now be recomputed for the multi-flash architectures. The left 

plot in Figure 13 shows a formal comparison in accuracy, precision, recall and F1-score between 
linear SVM (red) and NN (blue) master classifiers. As expected, overall performance increases 
significantly as compared to the single-flash classification, now reaching 80% and 90% accuracy 
for SVM and NN, respectively. Associated ROC curves are plotted on the right in Figure 13. The 
overall performance increase is again evident for either classification approach. Although the NN-
based classification generates a larger area under the curve (AuC), the actual gain over linear SVM-
based classification (highlighted in yellow) is now less than 10%.  

 
Figure 13: Left - Classification performances of master classifiers with linear SVM (red) and neural network 

(blue) showing accuracy, precision, recall, and F1-score. Right - Receiver operating characteristic (ROC) 
curves when using master classifiers. 

7. Conclusion and Future Work 
 

This manuscript outlined and validated machine learning strategies for in situ anomaly 
detection during PBFAM. Computationally efficient and highly parallelizable methods for 
anomaly detection in CT were presented. Extracted CT anomaly locations including labels were 
transferred into the in situ layerwise domain, in which visual features were extracted in a 
neighborhood surrounding the voxels of interest. For the collected data set, both linear SVM and 
NN-based classification showed adequate performance for anomaly detection when using imagery 
information from a single flash module. Overall classification performance was further increased 
by fusing imagery information from all eight flash modules prior to casting a prediction. The NN 
outperformed the linear SVM. However, the performance gain drops if more features become 
available, i.e. if image information is fused between flash modules.  
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Future work will focus on extending the existing framework to accommodate new builds, 
build environments, lighting conditions and/or imaging sensors. Multiple cross-validation 
strategies, especially between separate builds, will have to be examined to truly assess the system’s 
overall robustness. In addition, open-source software libraries for machine learning and symbolic 
arithmetic such as Theano™ or TensorFlow™ will be utilized for future implementations in order 
to streamline and accelerate training and executing of the algorithm. 

  
Acknowledgments 

 
The authors would like to thank Naval Air Systems Command, Penn State’s Applied 

Research Laboratory and Penn State’s College of Engineering for supporting this project. We 
would also like to thank Ms. Gabrielle Gunderman and Mr. Griffin Jones for their efforts designing 
the experiments and for performing post-process inspection via 3D CT analysis.  Finally, we wish 
to thank Mr. Don Natale, Mr. Jacob Morgan, and Mr. John Morgan for their contributions in the 
area of imaging system design and calibration, and for their thoughts on designing the test artifact. 

 
This material is based upon work supported by the Naval Air Systems Command 

(NAVAIR) under Contract No. N00024-12-D-6404, Delivery Order 0321. Any opinions, findings 
and conclusions or recommendations expressed in this material are those of the authors and do not 
necessarily reflect the views of the Naval Air Systems Command (NAVAIR). 

 
Bibliography 

 
[1] Christian Gobert, Online Discontinuity Detection in Metallic Powder Bed Fusion Additive 

Manufacturing Processes using Visual Inspection Sensors and Supervised Machine 
Learning, MS Thesis, Mechanical Engineering, Penn State University, May 2017.  

[2] C. Gobert, E.W. Reutzel, J. Petrich, A.R. Nassar and S. Phoha, “Supervised learning for 
in-situ visual inspection sensors monitoring metallic powder bed fusion additive 
manufacturing processes”, Elsevier – Additive Manufact. Journal, submitted May 2017 

[3] H. Gong, K. Rafi, H. Gu, S. Thomas, B. Stucker, Analysis of defect generation in Ti-6Al-
4V parts made using powder bed fusion additive manufacturing processes, Addit. Manuf. 
4 (2014) 87-98 

[4] S. Everton, M. Hirsch, P. Stravroulakis, R. Leach, A. Clare, Review of In situ Process 
Monitoring and In situ Metrology for Metal Additive Manufacturing, Mat. And Des. 95 
(2016) 431-445 

[5] E-Manufacturing Solutions, EOSINT M 280, “Leading-edge system for the Additive 
Manufacturing of metal products directly from CAD data”, June 2013, 
http://www.eos.info/systems_solutions/metal/systems_equipment/eos int_m280. 

[6] B. K. Foster, E. W. Reutzel, A. R. Nassar, B. T. Hall, S. W. Brown, C. J. Dickman, Optical 
layerwise monitoring of powder bed fusion, Solid Freeform Fabrication Symposium 
Proceedings; Austin, TX, 2015. 

[7] T. Hastie, R. Tibshirani, and J. Friedman, The Elements of Statistical Learning, Data 
Mining, Inference, and Prediction, Second Edition, Springer, 2008 

[8] Laurene Fausett, Fundamentals of Neural Networks: Architectures, Algorithms And 
Applications, 1st edition, Pearson Education, 1994 

[9] Michael Nielsen, “Neural Networks and Deep Learning’, Chapter 3, Determination Press, 
Jan 2015. 

1381


	Welcome
	Title Page
	Preface
	Organizing Committee
	Papers to Journals
	Table of Contents
	Materials
	Scanning Strategies in Electron Beam Melting to Influence Microstructure Development
	Relating Processing of Selective Laser Melted Structures to Their Material and Modal Properties
	Thermal Property Measurement Methods and Analysis for Additive Manufacturing Solids and Powders
	Prediction of Fatigue Lives in Additively Manufactured Alloys Based on the Crack-Growth Concept
	Fatigue Behavior of Additive Manufactured Parts in Different Process Chains – An Experimental Study
	Effect of Process Parameter Variation on Microstructure and Mechanical Properties of Additively Manufactured Ti-6Al-4V
	Optimal Process Parameters for In Situ Alloyed Ti15Mo Structures by Laser Powder Bed Fusion
	Efficient Fabrication of Ti6Al4V Alloy by Means of Multi-Laser Beam Selective Laser Melting
	Effect of Heat Treatment and Hot Isostatic Pressing on the Morphology and Size of Pores in Additive Manufactured Ti-6Al-4V Parts
	Effect of Build Orientation on Fatigue Performance of Ti-6Al-4V Parts Fabricated via Laser-Based Powder Bed Fusion
	Effect of Specimen Surface Area Size on Fatigue Strength of Additively Manufactured Ti-6Al-4V Parts
	Small-Scale Mechanical Properties of Additively Manufactured Ti-6Al-4V
	Design and Fabrication of Functionally Graded Material from Ti to Γ-Tial by Laser Metal Deposition
	Tailoring Commercially Pure Titanium Using Mo₂C during Selective Laser Melting
	Characterization of MAR-M247 Deposits Fabricated through Scanning Laser Epitaxy (SLE)
	Mechanical Assessment of a LPBF Nickel Superalloy Using the Small Punch Test Method
	Effects of Processing Parameters on the Mechanical Properties of CMSX-4® Additively Fabricated through Scanning Laser Epitaxy (SLE)
	Effect of Heat Treatment on the Microstructures of CMSX-4® Processed through Scanning Laser Epitaxy (SLE)
	On the Use of X-Ray Computed Tomography for Monitoring the Failure of an Inconel 718 Two-Bar Specimen Manufactured by Laser Powder Bed Fusion
	Laser Powder Bed Fusion Fabrication and Characterization of Crack-Free Aluminum Alloy 6061 Using In-Process Powder Bed Induction Heating
	Porosity Development and Cracking Behavior of Al-Zn-Mg-Cu Alloys Fabricated by Selective Laser Melting
	Effect of Optimizing Particle Size in Laser Metal Deposition with Blown Pre-Mixed Powders
	Aluminum Matrix Syntactic Foam Fabricated with Additive Manufacturing
	Binderless Jetting: Additive Manufacturing of Metal Parts via Jetting Nanoparticles
	Characterization of Heat-Affected Powder Generated during the Selective Laser Melting of 304L Stainless Steel Powder
	Effects of Area Fraction and Part Spacing on Degradation of 304L Stainless Steel Powder in Selective Laser Melting
	Influence of Gage Length on Miniature Tensile Characterization of Powder Bed Fabricated 304L Stainless Steel
	Study of Selective Laser Melting for Bonding of 304L Stainless Steel to Grey Cast Iron
	Mechanical Performance of Selective Laser Melted 17-4 PH Stainless Steel under Compressive Loading
	Microstructure and Mechanical Properties Comparison of 316L Parts Produced by Different Additive Manufacturing Processes
	A Parametric Study on Grain Structure in Selective Laser Melting Process for Stainless Steel 316L
	316L Powder Reuse for Metal Additive Manufacturing
	Competing Influence of Porosity and Microstructure on the Fatigue Property of Laser Powder Bed Fusion Stainless Steel 316L
	Studying Chromium and Nickel Equivalency to Identify Viable Additive Manufacturing Stainless Steel Chemistries
	Investigation of the Mechanical Properties on Hybrid Deposition and Micro-Rolling of Bainite Steel
	Process – Property Relationships in Additive Manufacturing of Nylon-Fiberglass Composites Using Taguchi Design of Experiments
	Digital Light Processing (DLP): Anisotropic Tensile Considerations
	Determining the Complex Young’s Modulus of Polymer Materials Fabricated with Microstereolithography
	Effect of Process Parameters and Shot Peening on Mechanical Behavior of ABS Parts Manufactured by Fused Filament Fabrication (FFF)
	Expanding Material Property Space Maps with Functionally Graded Materials for Large Scale Additive Manufacturing
	Considering Machine- and Process-Specific Influences to Create Custom-Built Specimens for the Fused Deposition Modeling Process
	Rheological Evaluation of High Temperature Polymers to Identify Successful Extrusion Parameters
	A Viscoelastic Model for Evaluating Extrusion-Based Print Conditions
	Towards a Robust Production of FFF End-User Parts with Improved Tensile Properties
	Investigating Material Degradation through the Recycling of PLA in Additively Manufactured Parts
	Ecoprinting: Investigating the Use of 100% Recycled Acrylonitrile Butadiene Styrene (ABS) for Additive Manufacturing
	Microwave Measurements of Nylon-12 Powder Ageing for Additive Manufacturing
	Improvement of Recycle Rate in Laser Sintering by Low Temperature Process
	Development of an Experimental Laser Sintering Machine to Process New Materials like Nylon 6
	Optimization of Adhesively Joined Laser-Sintered Parts
	Investigating the Impact of Functionally Graded Materials on Fatigue Life of Material Jetted Specimens
	Fabrication and Characterization of Graphite/Nylon 12 Composite via Binder Jetting Additive Manufacturing Process
	Fabricating Zirconia Parts with Organic Support Material by the Ceramic On-Demand Extrusion Process
	The Application of Composite Through-Thickness Assessment to Additively Manufactured Structures
	Tensile Mechanical Properties of Polypropylene Composites Fabricated by Material Extrusion
	Pneumatic System Design for Direct Write 3D Printing
	Ceramic Additive Manufacturing: A Review of Current Status and Challenges
	Recapitulation on Laser Melting of Ceramics and Glass-Ceramics
	A Trade-Off Analysis of Recoating Methods for Vat Photopolymerization of Ceramics
	Additive Manufacturing of High-Entropy Alloys – A Review
	Microstructure and Mechanical Behavior of AlCoCuFeNi High-Entropy Alloy Fabricated by Selective Laser Melting
	Selective Laser Melting of AlCu5MnCdVA: Formability, Microstructure and Mechanical Properties
	Microstructure and Crack Distribution of Fe-Based Amorphous Alloys Manufactured by Selective Laser Melting
	Construction of Metallic Glass Structures by Laser-Foil-Printing Technology
	Building Zr-Based Metallic Glass Part on Ti-6Al-4V Substrate by Laser-Foil-Printing Additive Manufacturing
	Optimising Thermoplastic Polyurethane for Desktop Laser Sintering

	Modeling
	Real-Time Process Measurement and Feedback Control for Exposure Controlled Projection Lithography
	Optimization of Build Orientation for Minimum Thermal Distortion in DMLS Metallic Additive Manufacturing
	Using Skeletons for Void Filling in Large-Scale Additive Manufacturing
	Implicit Slicing Method for Additive Manufacturing Processes
	Time-Optimal Scan Path Planning Based on Analysis of Sliced Geometry
	A Slicer and Simulator for Cooperative 3D Printing
	Study on STL-Based Slicing Process for 3D Printing
	ORNL Slicer 2: A Novel Approach for Additive Manufacturing Tool Path Planning
	Computer Integration for Geometry Generation for Product Optimization with Additive Manufacturing
	Multi-Level Uncertainty Quantification in Additive Manufacturing
	Computed Axial Lithography for Rapid Volumetric 3D Additive Manufacturing
	Efficient Sampling for Design Optimization of an SLS Product
	Review of AM Simulation Validation Techniques
	Generation of Deposition Paths and Quadrilateral Meshes in Additive Manufacturing
	Analytical and Experimental Characterization of Anisotropic Mechanical Behaviour of Infill Building Strategies for Fused Deposition Modelling Objects
	Flexural Behavior of FDM Parts: Experimental, Analytical and Numerical Study
	Simulation of Spot Melting Scan Strategy to Predict Columnar to Equiaxed Transition in Metal Additive Manufacturing
	Modelling Nanoparticle Sintering in a Microscale Selective Laser Sintering Process
	3-Dimensional Cellular Automata Simulation of Grain Structure in Metal Additive Manufacturing Processes
	Numerical Simulation of Solidification in Additive Manufacturing of Ti Alloy by Multi-Phase Field Method
	The Effect of Process Parameters and Mechanical Properties Oof Direct Energy Deposited Stainless Steel 316
	Thermal Modeling of 304L Stainless Steel Selective Laser Melting
	The Effect of Polymer Melt Rheology on Predicted Die Swell and Fiber Orientation in Fused Filament Fabrication Nozzle Flow
	Simulation of Planar Deposition Polymer Melt Flow and Fiber Orientaiton in Fused Filament Fabrication
	Numerical Investigation of Stiffness Properties of FDM Parts as a Function of Raster Orientation
	A Two-Dimensional Simulation of Grain Structure Growth within Substrate and Fusion Zone during Direct Metal Deposition
	Numerical Simulation of Temperature Fields in Powder Bed Fusion Process by Using Hybrid Heat Source Model
	Thermal Simulation and Experiment Validation of Cooldown Phase of Selective Laser Sintering (SLS)
	Numerical Modeling of High Resolution Electrohydrodynamic Jet Printing Using OpenFOAM
	Mesoscopic Multilayer Simulation of Selective Laser Melting Process
	A Study into the Effects of Gas Flow Inlet Design of the Renishaw AM250 Laser Powder Bed Fusion Machine Using Computational Modelling
	Development of Simulation Tools for Selective Laser Melting Additive Manufacturing
	Machine Learning Enabled Powder Spreading Process Map for Metal Additive Manufacturing (AM)

	Process Development
	Melt Pool Dimension Measurement in Selective Laser Melting Using Thermal Imaging
	In-Process Condition Monitoring in Laser Powder Bed Fusion (LPBF)
	Performance Characterization of Process Monitoring Sensors on the NIST Additive Manufacturing Metrology Testbed
	Microheater Array Powder Sintering: A Novel Additive Manufacturing Process
	Fabrication and Control of a Microheater Array for Microheater Array Powder Sintering
	Initial Investigation of Selective Laser Sintering Laser Power vs. Part Porosity Using In-Situ Optical Coherence Tomography
	The Effect of Powder on Cooling Rate and Melt Pool Length Measurements Using In Situ Thermographic Tecniques
	Monitoring of Single-Track Degradation in the Process of Selective Laser Melting
	Machine Learning for Defect Detection for PBFAM Using High Resolution Layerwise Imaging Coupled with Post-Build CT Scans
	Selection and Installation of High Resolution Imaging to Monitor the PBFAM Process, and Synchronization to Post-Build 3D Computed Tomography
	Multisystem Modeling and Optimization of Solar Sintering System
	Continuous Laser Scan Strategy for Faster Build Speeds in Laser Powder Bed Fusion System
	Influence of the Ratio between the Translation and Contra-Rotating Coating Mechanism on Different Laser Sintering Materials and Their Packing Density
	Thermal History Correlation with Mechanical Properties for Polymer Selective Laser Sintering (SLS)
	Post Processing Treatments on Laser Sintered Nylon 12
	Development of an Experimental Test Setup for In Situ Strain Evaluation during Selective Laser Melting
	In Situ Melt Pool Monitoring and the Correlation to Part Density of Inconel® 718 for Quality Assurance in Selective Laser Melting
	Influence of Process Time and Geometry on Part Quality of Low Temperature Laser Sintering
	Increasing Process Speed in the Laser Melting Process of Ti6Al4V and the Reduction of Pores during Hot Isostatic Pressing
	A Method for Metal AM Support Structure Design to Facilitate Removal
	Expert Survey to Understand and Optimize Part Orientation in Direct Metal Laser Sintering
	Fabrication of 3D Multi-Material Parts Using Laser-Based Powder Bed Fusion
	Melt Pool Image Process Acceleration Using General Purpose Computing on Graphics Processing Units
	Blown Powder Laser Cladding with Novel Processing Parameters for Isotropic Material Properties
	The Effect of Arc-Based Direct Metal Energy Deposition on PBF Maraging Steel
	Fiber-Fed Laser-Heated Process for Printing Transparent Glass
	Reducing Mechanical Anisotropy in Extrusion-Based Printed Parts
	Exploring the Manufacturability and Resistivity of Conductive Filament Used in Material Extrusion Additive Manufacturing
	Active - Z Printing: A New Approach to Increasing 3D Printed Part Strength
	A Mobile 3D Printer for Cooperative 3D Printing
	A Floor Power Module for Cooperative 3D Printing
	Changing Print Resolution on BAAM via Selectable Nozzles
	Predicting Sharkskin Instability in Extrusion Additive Manufacturing of Reinforced Thermoplastics
	Design of a Desktop Wire-Feed Prototyping Machine
	Process Modeling and In-Situ Monitoring of Photopolymerization for Exposure Controlled Projection Lithography (ECPL)
	Effect of Constrained Surface Texturing on Separation Force in Projection Stereolithography
	Modeling of Low One-Photon Polymerization for 3D Printing of UV-Curable Silicones
	Effect of Process Parameters and Shot Peening on the Tensile Strength and Deflection of Polymer Parts Made Using Mask Image Projection Stereolithography (MIP-SLA)
	Additive Manufacturing Utilizing Stock Ultraviolet Curable Silicone
	Temperature and Humidity Variation Effect on Process Behavior in Electrohydrodynamic Jet Printing of a Class of Optical Adhesives
	Reactive Inkjet Printing Approach towards 3D Silcione Elastomeric Structures Fabrication
	Magnetohydrodynamic Drop-On-Demand Liquid Metal 3D Printing
	Selective Separation Shaping of Polymeric Parts
	Selective Separation Shaping (SSS) – Large-Scale Fabrication Potentials
	Mechanical Properties of 304L Metal Parts Made by Laser-Foil-Printing Process
	Investigation of Build Strategies for a Hybrid Manufacturing Process Progress on Ti-6Al-4V
	Direct Additive Subtractive Hybrid Manufacturing (DASH) – An Out of Envelope Method
	Metallic Components Repair Strategies Using the Hybrid Manufacturing Process
	Rapid Prototyping of EPS Pattern for Complicated Casting
	5-Axis Slicing Methods for Additive Manufacturing Process
	A Hybrid Method for Additive Manufacturing of Silicone Structures
	Analysis of Hybrid Manufacturing Systems Based on Additive Manufacturing Technology
	Fabrication and Characterization of Ti6Al4V by Selective Electron Beam and Laser Hybrid Melting
	Development of a Hybrid Manufacturing Process for Precision Metal Parts
	Defects Classification of Laser Metal Deposition Using Acoustic Emission Sensor
	An Online Surface Defects Detection System for AWAM Based on Deep Learning
	Development of Automatic Smoothing Station Based on Solvent Vapour Attack for Low Cost 3D Printers
	Casting - Forging - Milling Composite Additive Manufacturing Thechnology
	Design and Development of a Multi-Tool Additive Manufacturing System
	Challenges in Making Complex Metal Large-Scale Parts for Additive Manufacturing: A Case Study Based on the Additive Manufacturing Excavator
	Visual Sensing and Image Processing for Error Detection in Laser Metal Wire Deposition

	Applications
	Embedding of Liquids into Water Soluble Materials via Additive Manufacturing for Timed Release
	Prediction of the Elastic Response of TPMS Cellular Lattice Structures Using Finite Element Method
	Multiscale Analysis of Cellular Solids Fabricated by EBM
	An Investigation of Anisotropy of 3D Periodic Cellular Structure Designs
	Modeling of Crack Propagation in 2D Brittle Finite Lattice Structures Assisted by Additive Manufacturing
	Estimating Strength of Lattice Structure Using Material Extrusion Based on Deposition Modeling and Fracture Mechanics
	Controlling Thermal Expansion with Lattice Structures Using Laser Powder Bed Fusion
	Determination of a Shape and Size Independent Material Modulus for Honeycomb Structures in Additive Manufacturing
	Additively Manufactured Conformal Negative Stiffness Honeycombs
	A Framework for the Design of Biomimetic Cellular Materials for Additive Manufacturing
	A Post-Processing Procedure for Level Set Based Topology Optimization
	Multi-Material Structural Topology Optimization under Uncertainty via a Stochastic Reduced Order Model Approach
	Topology Optimization for 3D Material Distribution and Orientation in Additive Manufacturing
	Topological Optimization and Methodology for Fabricating Additively Manufactured Lightweight Metallic Mirrors
	Topology Optimization of an Additively Manufactured Beam
	Quantifying Accuracy of Metal Additive Processes through a Standardized Test Artifact
	Integrating Interactive Design and Simulation for Mass Customized 3D-Printed Objects – A Cup Holder Example
	High-Resolution Electrohydrodynamic Jet Printing of Molten Polycaprolactone
	3D Bioprinting of Scaffold Structure Using Micro-Extrusion Technology
	Fracture Mechanism Analysis of Schoen Gyroid Cellular Structures Manufactured by Selective Laser Melting
	An Investigation of Build Orientation on Shrinkage in Sintered Bioceramic Parts Fabricated by Vat Photopolymerization
	Hypervelocity Impact of Additively Manufactured A356/316L Interpenetrating Phase Composites
	Understanding and Engineering of Natural Surfaces with Additive Manufacturing
	Additive Fabrication of Polymer-Ceramic Composite for Bone Tissue Engineering
	Binder Jet Additive Manufacturing of Stainless Steel - Tricalcium Phosphate Biocomposite for Bone Scaffold and Implant Applications
	Selective Laser Melting of Novel Titanium-Tantalum Alloy as Orthopedic Biomaterial
	Development of Virtual Surgical Planning Models and a Patient Specific Surgical Resection Guide for Treatment of a Distal Radius Osteosarcoma Using Medical 3D Modelling and Additive Manufacturing Processes
	Design Optimisation of a Thermoplastic Splint
	Reverse Engineering a Transhumeral Prosthetic Design for Additive Manufacturing
	Big Area Additive Manufacturing Application in Wind Turbine Molds
	Design, Fabrication, and Qualification of a 3D Printed Metal Quadruped Body: Combination Hydraulic Manifold, Structure and Mechanical Interface
	Smart Parts Fabrication Using Powder Bed Fusion Additive Manufacturing Technologies
	Design for Protection: Systematic Approach to Prevent Product Piracy during Product Development Using AM
	The Use of Electropolishing Surface Treatment on IN718 Parts Fabricated by Laser Powder Bed Fusion Process
	Towards Defect Detection in Metal SLM Parts Using Modal Analysis “Fingerprinting”
	Electrochemical Enhancement of the Surface Morphology and the Fatigue Performance of Ti-6Al-4V Parts Manufactured by Laser Beam Melting
	Fabrication of Metallic Multi-Material Components Using Laser Metal Deposition
	A Modified Inherent Strain Method for Fast Prediction of Residual Deformation in Additive Manufacturing of Metal Parts 2539
	Effects of Scanning Strategy on Residual Stress Formation in Additively Manufactured Ti-6Al-4V Parts
	How Significant Is the Cost Impact of Part Consolidation within AM Adoption?
	Method for the Evaluation of Economic Efficiency of Additive and Conventional Manufacturing
	Integrating AM into Existing Companies - Selection of Existing Parts for Increase of Acceptance
	Ramp-Up-Management in Additive Manufacturing – Technology Integration in Existing Business Processes
	Rational Decision-Making for the Beneficial Application of Additive Manufacturing
	Approaching Rectangular Extrudate in 3D Printing for Building and Construction by Experimental Iteration of Nozzle Design
	Areal Surface Characterization of Laser Sintered Parts for Various Process Parameters
	Design and Process Considerations for Effective Additive Manufacturing of Heat Exchangers
	Design and Additive Manufacturing of a Composite Crossflow Heat Exchanger
	Fabrication and Quality Assessment of Thin Fins Built Using Metal Powder Bed Fusion Additive Manufacturing
	A Mobile Robot Gripper for Cooperative 3D Printing
	Technological Challenges for Automotive Series Production in Laser Beam Melting
	Qualification Challenges with Additive Manufacturing in Space Applications
	Material Selection on Laser Sintered Stab Resistance Body Armor
	Investigation of Optical Coherence Tomography Imaging in Nylon 12 Powder
	Powder Bed Fusion Metrology for Additive Manufacturing Design Guidance
	Geometrical Accuracy of Holes and Cylinders Manufactured with Fused Deposition Modeling
	New Filament Deposition Technique for High Strength, Ductile 3D Printed Parts
	Applied Solvent-Based Slurry Stereolithography Process to Fabricate High-Performance Ceramic Earrings with Exquisite Details
	Design and Preliminary Evaluation of a Deployable Mobile Makerspace for Informal Additive Manufacturing Education
	Comparative Costs of Additive Manufacturing vs. Machining: The Case Study of the Production of Forming Dies for Tube Bending


	Attendee List
	Author Index
	Print
	Search



