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Abstract

Layer-wise 3D surface morphology information is critical for the quality monitoring and 
control of additive manufacturing (AM) processes. However, most of the existing 3D scan 
technologies are either contact or time consuming, which are not capable of obtaining the 3D 
surface morphology data in a real-time manner during the process. Therefore, the objective of this 
study is to achieve real-time 3D surface data acquisition in AM, which is achieved by a supervised 
deep learning-based image analysis approach. The key idea of this proposed method is to capture 
the correlation between 2D image and 3D point cloud, and then quantify this relationship by using
a deep learning algorithm, namely, convolutional neural network (CNN). To validate the 
effectiveness and efficiency of the proposed method, both simulation and real-world case studies 
were performed. The results demonstrate that this method has strong potential to be applied for 
real-time surface morphology measurement in AM, as well as other advanced manufacturing 
processes.
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1 Introduction

Surface morphology information is a very critical determinant of functional integrity in 
many advanced manufacturing systems [1], particularly in additive manufacturing (AM, also 
known as 3D printing) [2]. Due to the layer by layer fabrication framework of AM, the occurring 
surface issues such as deformation or defects in each layer may significantly deteriorate the quality 
of the products [3, 4]. Therefore, accurate information for layer-wise 3D surfaces morphology is 
critical to effectively track and control the printing quality of AM processes. 

Due to the rapid development of metrology tools, nowadays multiple types of technologies 
are capable of  capturing the 3D morphology information of an object, such as coordinate 
measuring machine (CMM) [5], 3D laser scan [6] and structured light scan [7], etc., however, most 
of the existing technologies are either contact method or time consuming, which are not suitable 
for real-time layer-wise 3D surface morphology data acquisition in AM. Therefore, how to achieve 
fast and accurate layer-wise 3D scan for AM still remains challenging. On the other hand, due to
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the rapid development of online image acquisition technologies, to utilize the high resolution 
image data provides a potential solution to measure 3D surface in a real-time manner.    

Consequently, the objective of this study is to develop a data-driven approach to obtain the 
3D surface point cloud data directly by using real-time image data. To realize this objective, a 
supervised deep learning-based modeling approach is proposed for analyzing the image patterns 
and recognizing the 3D structure. The key idea of this new method is to correlate the image 
captured by camera and the corresponding 3D point cloud obtained by structured light 3D scanner 
through an offline model training. Then this trained model can be applied to online predict the 
depth information of each pixel in the image. Recently deep learning methods [8] have 
demonstrated excellent performance in image feature extraction and pattern analysis, which also 
provides a new perspective to handle the research challenges in this 3D surface morphology data 
acquisition problem.  

The main contribution of this study is to reformulate the challenging 3D point cloud 
construction problem as an image-based regression problem, which can be effectively and 
efficiently solved by a typical deep learning algorithm called convolutional neural networks 
(CNNs) [9]. Meanwhile, the proposed method also provides an alternative choice for online 3D 
surface point cloud data acquisition in the application of advanced manufacturing processes.  

The rest of the paper is organized as follows. A brief review of research background and 
related works is provided in Sec. 2; the proposed research methodology is presented in detail in 
Sec. 3; Sec. 4 and Sec. 5 presents the numerical simulation and actual case studies, respectively, 
to demonstrate the effectiveness of the proposed method. Finally, the conclusions and future work 
are discussed in Sec. 6. 

 

2 Review of Related Work 

As mentioned in Sec. 1, the proposed method is motivated by the demand of real-time 3D 
surface scan in AM processes. Therefore, this section first introduces the related existing 
commonly applied 3D scan technologies (Sec. 2.1), and then followed by a brief review of the 
related studies regarding image-based 3D structure reconstruction algorithms (Sec. 2.2). Finally, 
the shortcomings in the current literature are identified in Sec. 2.3. 

2.1 3D scan technologies 

In general, the current 3D scan technologies consist of two main categories, namely, 
contact and non-contact methods. Contact methods such as CMMs [5, 10] use a probe to touch the 
surface and then assign the location of a point in the space. It could yield high accuracy but the 
measurement efficiency is very low. Therefore, they are not suitable for real-time measurement in 
AM application due to the issues of time-consuming and low spatial resolution.  

Non-contact technologies include structured light scan [11], laser 3D scan [6], time of flight 
[12],  etc. Laser 3D scan is a similar technology with the structured light method. Instead of 
projecting a 2D fridge pattern, laser scanner shoot laser line onto the surface. In practice, to form 
an entire surface point cloud data, laser scanner needs relative motion against the object. The 
framework of time of flight (TOF) method is to measure the distance between measuring point and 
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3D scanner. The distance measured by timing the round-trip duration between sending out the laser 
(or infrared) beam and receiving the reflection of the surface. This method is only appropriate to 
measure large objects like buildings. In structured light scan, a projector is applied to project fringe 
patterns on a surface, and sequences of surface images with different phases and wavelength of 
fridge patterns are captured by a camera established with an angle against the projector. 
Afterwards, the 3D point cloud can be obtained by processing the collected data. Its scanning speed 
is much faster than laser 3D scan and time of flight. However, it still may not be fast enough for 
AM surface online scan applications, particularly, for high resolution scans, which usually requires 
relatively long time for computation. 

2.2 Image-based 3D reconstruction approaches 

Apart from the 3D scan technologies introduced Sec 2.1, another perspective to obtain 3D 
structure data is image-based 3D reconstruction. In computer vision area, 3D structure 
reconstruction algorithms from 2D images has been widely investigated. Typically, in terms of the 
requirement for images, most of the existing approaches consists of three major categories. First, 
the most conventional category is to use the images captured from different viewpoints. Based on 
this condition, the 3D position (i.e., the depth information) of any specific point can be identified 
as the intersection of the two projection rays. Related research works are introduced in [13, 14]. 
The related algorithms are also commonly applied to the image-based 3D scanners such as 
photogrammetry [15]. However, these methods need to setup and calibrate multiple cameras, and 
the computational efficiency is not high enough as well for AM layer-wise online scanning. Then, 
by considering the single camera case, another important aspect is to analyze multiple images from 
the same camera. For example, the algorithms based on “shape from shading” [16], “structure from 
motion” [17], and “shape from defocus” [18], etc. The major limitation of these algorithms is that 
the performance may be very poor when estimating depths at large ranges. Also in AM processes, 
the printed layer and camera are always fixed, so it is difficult to capture multiple different images 
by a single camera. To further improve the capability of 3D reconstruction approach, using single 
image to recover the 3D structure has become another popular category. A number of successful 
attempts are reported in the literature, such as Han et al. [19], Hoiem et al. [20, 21], and Hassner 
et al. [22], etc. Unfortunately, due to the limited capability, these methods are only appropriate for 
the fairly simple images such as the photos for natural objects.  

2.3 Research gaps analysis 

The research works introduced in Sec. 2.1 are more focused on the offline high accuracy 
3D surface structure measurement. The capability of real-time and non-contact data acquisition is 
very limited. Thus, the investigation on improving measurement efficiency is still in sufficient. 
For the image-based 3D structure reconstruction methods summarized in Sec.2.2, a key 
shortcoming is that they need either multiple images or an image with clear features regarding the 
depth information. In addition, the resolution and accuracy of reconstructed data is also not high 
enough for the measurement requirement in AM. Therefore, this paper seeks to address these 
research gaps by a supervised deep learning approach to estimate the 3D surface structure using a 
single image.   
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3 Research Methodology

As shown in Figure 1, the overall framework of this study consists of three components: 
(1) an experimental data acquisition platform for collecting training and validation data from actual 
AM parts including surface image and 3D point cloud (Sec. 3.1); (2) data pre-processing and the 
application of deep neural networks to predict the depth information by using image pattern (Sec. 
3.2); (3) a new deep learning-based predictive modeling framework and online real-time 3D
surface measurement approach (Sec. 3.3).

Figure 1: The overview of the proposed methodology for real-time image-based 3D surface 
measurement using deep learning.

3.1 Experimental setup

In this study, a customized structured light 3D scanner was developed to collect high-
resolution point cloud data for modeling purpose. Figure 2 presents the overall layout of the 
designed system. It has three main components: a high-resolution camera (Figure 2a), a
calibration/measurement platform (Figure 2b and 2c), and a tiny area projector (Figure 2d). These 
components are equipped with XYZ & RZ stages that have fine tuning capability with 10-
micrometer accuracy. The camera resolution is up to 1924 by 1448 pixel and the projector has a 
projecting dimension of 30 by 21 mm. Although the area pixel density of the projector is less than 
the camera’s, the resolution of point cloud data will not be affected in practice. The reason is that 
the projector is slightly off focus, which makes projecting pattern have continuous brightness 
change. After successful calibration, the projector will precisely project checkerboard pattern 
which matches the position of calibrating pattern on the calibration target, as shown in Figure 2b.
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During the data acquisition process, the projector will project 64 different fridge patterns 
on to the surface of interest and the camera will capture each of them for 3D surface construction. 
The in total time for data acquisition is from 5 seconds to 20 seconds depending on the shutter 
speed setting. In this study, the field of view and spatial resolution of the point cloud data can 
achieve 26 by 19.5 mm2 and 5 m per two points, respectively. At the same time, the gray-scale 
image data for the same region that captured by the same camera is recorded as well. Afterwards, 
the collected pairs of image and point cloud can be applied for further analysis and modeling.  

 

Figure 2: The customized structured light 3D scan system. (a) Micro 3D scanner prototype; (b) a 
successful calibration on calibration target; (c) calibration pattern with a penny coin; (d) tiny 

projection area projector. 

3.2 Data reformulation and the application of deep neural networks

As discussed in Sec.1, the objective of this study is to predict the 3D surface morphology 
using image data based on a supervised machine learning perspective. For the convenience of 
presentation, in this paper, the captured gray-scale image is denoted by a matrix  with 
dimension , where  is the intensity of each pixel. The point cloud data collected by the 
customized structured light 3D scanner (see Sec. 3.1) is represented by a matrix  with the 
same dimension of , where  represents the depth information of each point. In practice, since 
the format of raw point cloud data is usually a list of scattered points , it is necessary to 
convert this original format to a matrix (i.e., a grid format) through appropriate interpolation. Then 
the key of this problem is to find an effective map  between  and , i.e., .  

Due to complexity of nonlinear matrix to matrix mapping, it is very challenging to fit an 
accurate regression model directly. Consequently, to simplify the modeling task, two applicable 
assumptions are proposed by considering the application of AM processes: (1) consistent lighting 
condition and (2) homogeneous surface texture. In practice, these two assumptions can be well 
satisfied if the data is collected from the same AM process (i.e., same material and fabrication 
mechanism) with consistent sensor setup. However, even with these two assumptions, there are 
still two major challenges that need to be addressed. First, the sample size is very limited. For 
online application, it is impractical to scan large amount of layers and then fit a model. In addition, 
the mapping is still highly nonlinear.  
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To address the low sample size challenge, a window-based data reformulation approach is
developed. This approach is motivated by an intuition that the depth information usually can be 
estimated based on the local image patterns. In this study, for any pixel in , with an appropriate 
window size , its depth and the corresponding surround local image pattern may exist 
strong correlation. Therefore, as demonstrated in Figure 3, the samples can be extracted from 
and through consecutive window sliding. Consequently, a large number of samples, namely, 

, are available for model training after data reformulation. Meanwhile, the original 
regression problem also can be reformulated as, 

  (1)

where is an unknown matrix to scalar mapping based on a predefined window-size .

Figure 3: A demonstration for the developed pre-processing approach.

Afterwards, for the second challenge, i.e., how to quantify the nonlinear relationship , the 
convolutional neural network (CNN) [9] is selected to address this issue. As a powerful deep 
learning technique based on feed-forward artificial neural networks, CNN has been widely applied 
to a large variety of real-world areas, particularly, image processing and computer vision [23, 24].
A typical CNN consists of an input and an output layer, as well as multiple hidden layers. As
shown in Figure 4, the basic structure of hidden layers usually has convolutional layers, pooling 
layers, and fully connected layers. Due to the excellent mathematical properties, existing research 
[25] indicates that CNNs can achieve superior performance on most of the computer vision tasks 
when it was trained with appropriate regularization. The technical details of CNNs are introduced 
in [26].  For the implementation of CNN, the deep learning toolbox in Matlab® [27] is applied in 
this study.
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Figure 4: A demonstration for the framework of convolutional neural network (CNN) regression 
model.

3.3 Proposed four-phase modeling and online 3D surface measurement approach

Based on effective data reformulation and the application of CNN introduced in Sec. 3.2,
a complete predictive modeling and online 3D surface measurement framework can be developed
subsequently. The proposed modeling approach is based on a four-phase structure (see Figure 5),
which is listed as below:

Sliding phase: As introduced in Sec. 3.2, the aim of this phase is to reformulate the original 
data to , which is appropriate to build regression model.
CNN phase: After the sliding phase, CNN is applied to fit a regression model between 

and . Then the depth information of the pixels in can be predicted by their
local surrounding image patterns.
Smoothing phase: The regression model fitted by the CNN phase is point-based prediction, 
which does not consider the spatial correlation between pixels. Therefore, it is necessary 
to estimate this correlation in this phase through effective smooth filters. In this study, one 
of most widely applied smooth filter, namely, Gaussian filter is selected.  
Compensation phase: The smoothing phase may result in significant mean shift of the 
prediction results. Consequently, to avoid this issue, the mean shift will be removed in this 
compensation phase.

Figure 5: A demonstration of the developed four-phase modeling approach.

In the proposed modeling framework, the input parameters consist of two groups. One is 
the hyper-parameters in CNN, which can be determined by the existing studies [xx]. The other 
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group is the tuning parameters in other phases, which mainly include the window size , smooth 
filter parameters, etc. To search an appropriate setting, a cost function which is defined by the
overall RMSE can be applied and an approximate solution can be found by minimizing the cost 
(i.e., RMSE).

Based on the fitted model, online 3D surface measurement can be implemented using
images. Regarding the computational cost for online application, although CNN may require more 
time if images become larger, the computational efficiency for CNN can be significantly improved 
by GPU or other effective hardware acceleration approach in practice [28].

4 Numerical Simulation Studies

In this section, the effectiveness of the proposed method is validated by numerical 
simulated surface, which is generated by Gaussian random field [29]. As shown in Figure 6, with 
the simulation of 3D surface, the images for the simulated surfaces are generated simultaneously 
under the same lighting condition. To be consistent, the dimension for both images and point
clouds are 300×300. 

Figure 6: Samples images for the simulated surfaces based on Gaussian random field. (a) 
Surface for training; (b) surface for validation. 

Subsequently, to validate the effectiveness of the proposed method, two simulated surfaces
are used for model training. One is for training and the other is for validation. Then based on the 
trained model, a new surface based on the same underlying distribution and lighting condition is 
generated for testing. The prediction results are demonstrated in Figure 7. In terms of both 2D and 
3D view, the predicted result is able to provide accurate measurement of the actual surface using 
the proposed method.
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Figure 7: The comparison between the actual surface and predicted surface. (a) 3D view of the 
actual surface; (b) 3D view of the predicted surface; (c) 2D view of the actual surface; (d) 2D

view of the predicted surface.

5 Case Studies

To validate the measurement accuracy in real-world AM applications, this section further 
applies the proposed method to actual metal AM parts, which are built by electron-beam melting 
(EBM) process [30] using Ti-6Al-4V. As shown in Figure 8, three sample parts printed by different 
printing strategies, namely, Raster scan (“L7” part), Dehoff scan (“D7” part), and Random scan
(“R7” part) [31], are used in this study. From each sample part, the surface of top layer is applied 
for analysis.

Figure 8: The three printed sample parts, (a) “L7” part; (b) “D7” part; and (c) “R7” part.
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To collect data for method validation, the image (see Figure 9a) and point cloud (see Figure
9b) of the top layer surface were captured by the customized 3D scanner introduced in Sec. 3.1. 
After necessary pre-processing for the images, which consists of denoise, registration, and resize, 
two sub-regions of each sample with dimension 300 by 300 were selected for training and testing,
respectively.

Figure 9: (a) The high resolution image for the top layer of the “R7” part; (b) the 3D scanned 
point cloud data for the top layer of the “R7” part. 

Subsequently, the model was trained by the procedure introduced in Sec. 3.3, and the 
surface measurement for testing region sets was performed. As shown in Table 1, the level of the 
relative prediction error is about 7% in average. In addition, the computational time for a single 
image is less than 1 second using a single GPU. Therefore, the surface estimated by the proposed 
method is a good approximation of structured light 3D scan. 

Table 1: The prediction accuracy of the proposed method based on actual AM parts. 

Sample part Averaged relative prediction error
L7 6.8%
D7 7.2%
R7 7.4%

To further validate the prediction performance, the correlation between the Ra of actual 
and predicted surfaces are used for evaluation due to the interest of surface quality monitoring. Ra 
is a widely applied measurement for surface roughness, which is the arithmetical mean deviation 
of the assessed profile [32]. As demonstrated in Figure 10, for all of the three parts, the correlation 
is higher than 70%, which indicate that the prediction is consistent with actual surface.
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Figure 10: The correlation between the actual Ra (horizontal axis) and predicted Ra (vertical 
axis). (a) Part “L7”: ~80%; (b) Part “D7”: ~75%; (c) Part “R7”: ~70%. 

6 Conclusions and Future Work 

This paper developed a new real-time 3D surface measurement approach in AM processes 
based on a supervised deep learning perspective. The most significant benefit of this developed 
methodology is that the 3D morphology information is enabled to be estimated in a real-time 
manner by only using a single image, since the proposed modeling framework fully utilized the 
correlation between the image pattern and point cloud. The case studies based on both numerical 
simulation and actual metal AM parts also demonstrate that this proposed method is able to provide 
accurate results with high computational efficiency. Consequently, this study addressed one of 
most significant challenges from the existing 3D surface morphology data acquisition approaches 
regarding the capability of real-time data collection.     

In summary, the results of this study show that the proposed method is very promising to 
be applied in real-time layer-wise surface morphology measurement in AM. Therefore, future 
work and investigation along these lines would be highly valuable to pursue, mainly in two 
directions. First, to further verify the effectiveness of the proposed method, more real-world case 
studies, particularly, actual online layer-wise measurement in AM, should be conducted in the 
future. Second, this method also has great potential to be used for online defect detection of AM 
processes.   

Acknowledgement 

Research reported in this publication was supported by the National Science Foundation 
under Award Number CMMI 1436592 and the Office of Naval Research under Award Number 
N00014-18-1-2794.  

References

[1] X. Jiang, "Precision surface measurement," Phil. Trans. R. Soc. A, vol. 370, no. 1973, pp. 
4089-4114, 2012. 

 235

a) 
0 0 

c) 0 

0 

0 
0 ol 

0 

0 ., 
I oo o 0 

0 

0 0 

0 0 
0 

0 



[2] A. C. F. o. A. M. Technologies and A. C. F. o. A. M. T. S. F. o. Terminology, Standard 
terminology for additive manufacturing technologies. ASTM International, 2012. 

[3] S. K. Everton, M. Hirsch, P. Stravroulakis, R. K. Leach, and A. T. Clare, "Review of in-
situ process monitoring and in-situ metrology for metal additive manufacturing," Materials 
& Design, vol. 95, pp. 431-445, 2016. 

[4] M. K. Agarwala, V. R. Jamalabad, N. A. Langrana, A. Safari, P. J. Whalen, and S. C. 
Danforth, "Structural quality of parts processed by fused deposition," Rapid prototyping 
journal, vol. 2, no. 4, pp. 4-19, 1996. 

[5] R. J. Hocken and P. H. Pereira, Coordinate measuring machines and systems. CRC Press, 
2016. 

[6] W. Benner, "Laser Scanners: Technologies and Applications," Google Scholar, 2016. 
[7] C. Rocchini, P. Cignoni, C. Montani, P. Pingi, and R. Scopigno, "A low cost 3D scanner 

based on structured light," in Computer Graphics Forum, 2001, vol. 20, no. 3, pp. 299-
308: Wiley Online Library. 

[8] J. Schmidhuber, "Deep learning in neural networks: An overview," Neural networks, vol. 
61, pp. 85-117, 2015. 

[9] J. Wu, "Introduction to convolutional neural networks," National Key Lab for Novel 
Software Technology. Nanjing University. China, 2017. 

[10] J. Bryan and D. J. P. E. Carter, "Design of a new error-corrected co-ordinate measuring 
machine," vol. 1, no. 3, pp. 125-128, 1979. 

[11] J. Geng, "Structured-light 3D surface imaging: a tutorial," Advances in Optics and 
Photonics, vol. 3, no. 2, pp. 128-160, 2011. 

[12] Y. Cui, S. Schuon, D. Chan, S. Thrun, and C. Theobalt, "3D shape scanning with a time-
of-flight camera," in Computer Vision and Pattern Recognition (CVPR), 2010 IEEE 
Conference on, 2010, pp. 1173-1180: IEEE. 

[13] S. M. Seitz, B. Curless, J. Diebel, D. Scharstein, and R. Szeliski, "A comparison and 
evaluation of multi-view stereo reconstruction algorithms," in null, 2006, pp. 519-528: 
IEEE. 

[14] F. Remondino and S. El‐Hakim, "Image‐based 3D modelling: a review," The 
photogrammetric record, vol. 21, no. 115, pp. 269-291, 2006. 

[15] E. M. Mikhail, J. S. Bethel, and J. C. McGlone, "Introduction to modern photogrammetry," 
New York, 2001. 

[16] R. Zhang, P.-S. Tsai, J. E. Cryer, and M. Shah, "Shape-from-shading: a survey," IEEE 
transactions on pattern analysis and machine intelligence, vol. 21, no. 8, pp. 690-706, 
1999. 

[17] C. Tomasi and T. Kanade, "Shape and motion from image streams under orthography: a 
factorization method," International Journal of Computer Vision, vol. 9, no. 2, pp. 137-
154, 1992. 

[18] P. Favaro and S. Soatto, "Shape and radiance estimation from the information divergence 
of blurred images," in European Conference on Computer Vision, 2000, pp. 755-768: 
Springer. 

[19] F. Han and S.-C. Zhu, "Bayesian reconstruction of 3d shapes and scenes from a single 
image," 2003. 

[20] D. Hoiem, A. A. Efros, and M. Hebert, "Geometric context from a single image," in 
Computer Vision, 2005. ICCV 2005. Tenth IEEE International Conference on, 2005, vol. 
1, pp. 654-661: IEEE. 

 236



[21] D. Hoiem, A. A. Efros, and M. Hebert, "Recovering surface layout from an image," 
International Journal of Computer Vision, vol. 75, no. 1, pp. 151-172, 2007. 

[22] T. Hassner and R. Basri, "Example based 3D reconstruction from single 2D images," in 
Computer Vision and Pattern Recognition Workshop, 2006. CVPRW'06. Conference on, 
2006, pp. 15-15: IEEE. 

[23] A. Krizhevsky, I. Sutskever, and G. E. Hinton, "Imagenet classification with deep 
convolutional neural networks," in Advances in neural information processing systems, 
2012, pp. 1097-1105. 

[24] S. Ji, W. Xu, M. Yang, K. J. I. t. o. p. a. Yu, and m. intelligence, "3D convolutional neural 
networks for human action recognition," vol. 35, no. 1, pp. 221-231, 2012. 

[25] K. Yu, W. Xu, and Y. Gong, "Deep learning with kernel regularization for visual 
recognition," in Advances in Neural Information Processing Systems, 2009, pp. 1889-1896. 

[26] I. Goodfellow, Y. Bengio, A. Courville, and Y. Bengio, Deep learning. MIT press 
Cambridge, 2016. 

[27] "Matlab Deep Learning Toolbox," ed, 2018a. 
[28] Q. Zhang, M. Zhang, T. Chen, Z. Sun, Y. Ma, and B. J. N. Yu, "Recent advances in 

convolutional neural network acceleration," vol. 323, pp. 37-51, 2019. 
[29] M. S. Tootooni et al., "Online non-contact surface finish measurement in machining using 

graph theory-based image analysis," vol. 41, pp. 266-276, 2016. 
[30] X. Gong, T. Anderson, and K. Chou, "Review on powder-based electron beam additive 

manufacturing technology," in ASME/ISCIE 2012 international symposium on flexible 
automation, 2013, pp. 507-515: American Society of Mechanical Engineers Digital 
Collection. 

[31] R. R. Dehoff, M. M. Kirka, B. Ellis, V. C. Paquit, P. Nandwana, and A. J. Plotkowski, 
"Electron Beam Melting Technology Improvements," Oak Ridge National Lab.(ORNL), 
Oak Ridge, TN (United States)2018. 

[32] E. P. DeGarmo, J. T. Black, R. A. Kohser, and B. E. Klamecki, Materials and process in 
manufacturing. Prentice Hall Upper Saddle River, 1997. 

 

 237


	Welcome
	Title Page
	Preface
	Organizing Committee
	Papers to Journals
	Table of Contents
	Broader Impacts and Education
	Design for Additive Manufacturing: Simplification of Product Architecture by Part Consolidation for the Lifecycle
	An Open-Architecture Multi-Laser Research Platform for Acceleration of Large-Scale Additive Manufacturing (ALSAM)
	Large-Scale Identification of Parts Suitable for Additive Manufacturing: An Industry Perspective
	Implementation of 3D Printer in the Hands-On Material Processing Course: An Educational Paper
	Conceptual Design for Additive Manufacturing: Lessons Learned from an Undergraduate Course
	An Empirical Study Linking Additive Manufacturing Design Process to Success in Manufacturability
	Investigating the Gap between Research and Practice in Additive Manufacturing

	Binder Jetting
	Influence of Drop Velocity and Droplet Spacing on the Equilibrium Saturation Level in Binder Jetting
	Process Integrated Production of WC-Co Tools with Local Cobalt Gradient Fabricated by Binder Jetting
	The Effect of Print Speed on Surface Roughness and Density Uniformity of Parts Produced Using Binder Jet 3D Printing
	Experimental Investigation of Fluid-Particle Interaction in Binder Jet 3D Printing
	Binder Saturation, Layer Thickness, Drying Time and Their Effects on Dimensional Tolerance and Density of Cobalt Chrome - Tricalcium Phosphate Biocomposite

	Data Analytics
	Predicting and Controlling the Thermal Part History in Powder Bed Fusion Using Neural Networks
	‘Seeing’ the Temperature inside the Part during the Powder Bed Fusion Process
	Conditional Generative Adversarial Networks for In-Situ Layerwise Additive Manufacturing Data
	In-Situ Layer-Wise Quality Monitoring for Laser-Based Additive Manufacturing Using Image Series A
	Applications of Supervised Machine Learning Algorithms in Additive Manufacturing: A Review
	Real-Time 3D Surface Measurement in Additive Manufacturing Using Deep Learning
	Roughness Parameters for Classification of As-Built and Laser Post-Processed Additive Manufactured Surfaces
	Application of the Fog Computing Paradigm to Additive Manufacturing Process Monitoring and Control
	Spectral X-ray CT for Fast NDT Using Discrete Tomography

	Hybrid AM
	Part Remanufacturing Using Hybird Manufacturing Processes
	Integration Challenges with Additive/Subtractive In-Envelope Hybrid Manufacturing
	Robot-Based Hybrid Manufacturing Process Chain
	Integrated Hardfacing of Stellite-6 Using Hybrid Manufacturing Process
	Inkjet Printing of Geometrically Optimized Electrodes for Lithium-Ion Cells: A Concept for a Hybrid Process Chain
	Ultrasonic Embedding of Continuous Carbon Fiber into 3D Printed Thermoplastic Parts

	Materials: Metals
	Comparison of Fatigue Performance between Additively Manufactured and Wrought 304L Stainless Steel Using a Novel Fatigue Test Setup
	Elevated Temperature Mechanical and Microstructural Characterization of SLM SS304L
	Fatigue Behavior of Additive Manufactured 304L Stainless Steel Including Surface Roughness Effects
	Joining of Copper and Stainless Steel 304L Using Direct Metal Deposition
	SS410 Process Development and Characterization
	Effect of Preheating Build Platform on Microstructure and Mechanical Properties of Additively Manufactured 316L Stainless Steel
	Characterisation of Austenitic 316LSi Stainless Steel Produced by Wire Arc Additive Manufacturing with Interlayer Cooling
	Effects of Spatial Energy Distribution on Defects and Fracture of LPBF 316L Stainless Steel
	Environmental Effects on the Stress Corrosion Cracking Behavior of an Additively Manufactured Stainless Steel
	Effect of Powder Chemical Composition on Microstructures and Mechanical Properties of L-PBF Processed 17-4 PH Stainless Steel in the As-Built And Hardened-H900 Conditions
	Powder Variation and Mechanical Properties for SLM 17-4 PH Stainless Steel
	Fatigue Life Prediction of Additive Manufactured Materials Using a Defect Sensitive Model
	Evaluating the Corrosion Performance of Wrought and Additively Manufactured (AM) Invar ® and 17-4PH
	Comparison of Rotating-Bending and Axial Fatigue Behaviors of LB-PBF 316L Stainless Steel
	A Study of Pore Formation during Single Layer and Multiple Layer Build by Selective Laser Melting
	Dimensional Analysis of Metal Powder Infused Filament - Low Cost Metal 3D Printing
	Additive Manufacturing of Fatigue Resistant Materials: Avoiding the Early Life Crack Initiation Mechanisms during Fabrication
	Additive Manufacturing of High Gamma Prime Nickel Based Superalloys through Selective Laser Melting (SLM)
	Investigating the Build Consistency of a Laser Powder Bed Fused Nickel-Based Superalloy, Using the Small Punch Technique
	Fatigue Behavior of Laser Beam Directed Energy Deposited Inconel 718 at Elevated Temperature
	Very High Cycle Fatigue Behavior of Laser Beam-Powder Bed Fused Inconel 718
	Analysis of Fatigue Crack Evolution Using In-Situ Testing
	An Aluminum-Lithium Alloy Produced by Laser Powder Bed Fusion
	Wire-Arc Additive Manufacturing: Invar Deposition Characterization
	Study on the Formability, Microstructures and Mechanical Properties of Alcrcufeniᵪ High-Entropy Alloys Prepared by Selective Laser Melting
	Laser-Assisted Surface Defects and Pore Reduction of Additive Manufactured Titanium Parts
	Fatigue Behavior of LB-PBF Ti-6Al-4V Parts under Mean Stress and Variable Amplitude Loading Conditions
	Influence of Powder Particle Size Distribution on the Printability of Pure Copper for Selective Laser Melting
	Investigation of the Oxygen Content of Additively Manufactured Tool Steel 1.2344
	The Porosity and Mechanical Properties of H13 Tool Steel Processed by High-Speed Selective Laser Melting
	Feasibility Analysis of Utilizing Maraging Steel in a Wire Arc Additive Process for High-Strength Tooling Applications
	Investigation and Control of Weld Bead at Both Ends in WAAM

	Materials: Polymers
	Process Parameter Optimization to Improve the Mechanical Properties of Arburg Plastic Freeformed Components
	Impact Strength of 3D Printed Polyether-Ether-Ketone (PEEK)
	Mechanical Performance of Laser Sintered Poly(Ether Ketone Ketone) (PEKK)
	Influence of Part Microstructure on Mechanical Properties of PA6X Laser Sintered Specimens
	Optimizing the Tensile Strength for 3D Printed PLA Parts
	Characterizing the Influence of Print Parameters on Porosity and Resulting Density
	Characterization of Polymer Powders for Selective Laser Sintering
	Effect of Particle Rounding on the Processability of Polypropylene Powder and the Mechanical Properties of Selective Laser Sintering Produced Parts
	Process Routes towards Novel Polybutylene Terephthalate – Polycarbonate Blend Powders for Selective Laser Sintering
	Impact of Flow Aid on the Flowability and Coalescence of Polymer Laser Sintering Powder
	Curing and Infiltration Behavior of UV-Curing Thermosets for the Use in a Combined Laser Sintering Process of Polymers
	Relationship between Powder Bed Temperature and Microstructure of Laser Sintered PA12 Parts
	Understanding the Influence of Energy-Density on the Layer Dependent Part Properties in Laser-Sintering of PA12
	Tailoring Physical Properties of Shape Memory Polymers for FDM-Type Additive Manufacturing
	Investigation of The Processability of Different Peek Materials in the FDM Process with Regard to the Weld Seam Strength
	Stereolithography of Natural Rubber Latex, a Highly Elastic Material

	Materials: Ceramics and Composites
	Moisture Effects on Selective Laser Flash Sintering of Yttria-Stabilized Zirconia
	Thermal Analysis of Thermoplastic Materials Filled with Chopped Fiber for Large Area 3D Printing
	Thermal Analysis of 3D Printed Continuous Fiber Reinforced Thermoplastic Polymers for Automotive Applications
	Characterization of Laser Direct Deposited Magnesium Aluminate Spinel Ceramics
	Towards a Micromechanics Model for Continuous Carbon Fiber Composite 3D Printed Parts
	Effect of In-Situ Compaction and UV-Curing on the Performance of Glass Fiber-Reinforced Polymer Composite Cured Layer by Layer
	3D Printing of Compliant Passively Actuated 4D Structures
	Effect of Process Parameters on Selective Laser Melting Al₂O₃-Al Cermet Material
	Strengthening of 304L Stainless Steel by Addition of Yttrium Oxide and Grain Refinement during Selective Laser Melting
	Approach to Defining the Maximum Filler Packing Volume Fraction in Laser Sintering on the Example of Aluminum-Filled Polyamide 12
	Laser Sintering of Pine/Polylatic Acid Composites
	Characterization of PLA/Lignin Biocomposites for 3D Printing
	Electrical and Mechancial Properties of Fused Filament Fabrication of Polyamide 6 / Nanographene Filaments at Different Annealing Temperatures
	Manufacturing and Application of PA11-Glass Fiber Composite Particles for Selective Laser Sintering
	Manufacturing of Nanoparticle-Filled PA11 Composite Particles for Selective Laser Sintering
	Technique for Processing of Continuous Carbon Fibre Reinforced Peek for Fused Filament Fabrication
	Processing and Characterization of 3D-Printed Polymer Matrix Composites Reinforced with Discontinuous Fibers
	Tailored Modification of Flow Behavior and Processability of Polypropylene Powders in SLS by Fluidized Bed Coating with In-Situ Plasma Produced Silica Nanoparticles

	Modeling
	Analysis of Layer Arrangements of Aesthetic Dentures as a Basis for Introducing Additive Manufacturing
	Computer-Aided Process Planning for Wire Arc Directed Energy Deposition
	Multi-Material Process Planning for Additive Manufacturing
	Creating Toolpaths without Starts and Stops for Extrusion-Based Systems
	Framework for CAD to Part of Large Scale Additive Manufacturing of Metal (LSAMM) in Arbitrary Directions
	A Standardized Framework for Communicating and Modelling Parametrically Defined Mesostructure Patterns
	A Universal Material Template for Multiscale Design and Modeling of Additive Manufacturing Processes

	Physical Modeling
	Modeling Thermal Expansion of a Large Area Extrusion Deposition Additively Manufactured Parts Using a Non-Homogenized Approach
	Localized Effect of Overhangs on Heat Transfer during Laser Powder Bed Fusion Additive Manufacturing
	Melting Mode Thresholds in Laser Powder Bed Fusion and Their Application towards Process Parameter Development
	Computational Modelling and Experimental Validation of Single IN625 Line Tracks in Laser Powder Bed Fusion
	Validated Computational Modelling Techniques for Simulating Melt Pool Ejecta in Laser Powder Bed Fusion Processing
	Numerical Simulation of the Temperature History for Plastic Parts in Fused Filament Fabrication (FFF) Process
	Measurement and Analysis of Pressure Profile within Big Area Additive Manufacturing Single Screw Extruder
	Numerical Investigation of Extrusion-Based Additive Manufacturing for Process Parameter Planning in a Polymer Dispensing System
	Alternative Approach on an In-Situ Analysis of the Thermal Progression during the LPBF-M Process Using Welded Thermocouples Embedded into the Substrate Plate
	Dynamic Defect Detection in Additively Manufactured Parts Using FEA Simulation
	Simulation of Mutually Dependent Polymer Flow and Fiber Filled in Polymer Composite Deposition Additive Manufacturing
	Simulation of Hybrid WAAM and Rotation Compression Forming Process
	Dimensional Comparison of a Cold Spray Additive Manufacturing Simulation Tool
	Simulated Effect of Laser Beam Quality on the Robustness of Laser-Based AM System
	A Strategy to Determine the Optimal Parameters for Producing High Density Part in Selective Laser Melting Process
	Rheology and Applications of Particulate Composites in Additive Manufacturing
	Computational Modeling of the Inert Gas Flow Behavior on Spatter Distribution in Selective Laser Melting
	Prediction of Mechanical Properties of Fused Deposition Modeling Made Parts Using Multiscale Modeling and Classical Laminate Theory

	Process Development
	The Use of Smart In-Process Optical Measuring Instrument for the Automation of Additive Manufacturing Processes
	Development of a Standalone In-Situ Monitoring System for Defect Detection in the Direct Metal Laser Sintering Process
	Frequency Inspection of Additively Manufactured Parts for Layer Defect Identification
	Melt Pool Monitoring for Control and Data Analytics in Large-Scale Metal Additive Manufacturing
	Frequency Domain Measurements of Melt Pool Recoil Pressure Using Modal Analysis and Prospects for In-Situ Non-Destructive Testing
	Interrogation of Mid-Build Internal Temperature Distributions within Parts Being Manufactured via the Powder Bed Fusion Process
	Reducing Computer Visualization Errors for In-Process Monitoring of Additive Manufacturing Systems Using Smart Lighting and Colorization System
	A Passive On-line Defect Detection Method for Wire and Arc Additive Manufacturing Based on Infrared Thermography
	Examination of the LPBF Process by Means of Thermal Imaging for the Development of a Geometric-Specific Process Control
	Analysis of the Shielding Gas Dependent L-PBF Process Stability by Means of Schlieren and Shadowgraph Techniques
	Application of Schlieren Technique in Additive Manufacturing: A Review
	Wire Co-Extrusion with Big Area Additive Manufacturing
	Skybaam Large-Scale Fieldable Deposition Platform System Architecture
	Dynamic Build Bed for Additive Manufacturing
	Effect of Infrared Preheating on the Mechanical Properties of Large Format 3D Printed Parts
	Large-Scale Additive Manufacturing of Concrete Using a 6-Axis Robotic Arm for Autonomous Habitat Construction
	Overview of In-Situ Temperature Measurement for Metallic Additive Manufacturing: How and Then What
	In-Situ Local Part Qualification of SLM 304L Stainless Steel through Voxel Based Processing of SWIR Imaging Data
	New Support Structures for Reduced Overheating on Downfacing Regions of Direct Metal Printed Parts
	The Development Status of the National Project by Technology Research Assortiation for Future Additive Manufacturing (TRAFAM) in Japan
	Investigating Applicability of Surface Roughness Parameters in Describing the Metallic AM Process
	A Direct Metal Laser Melting System Using a Continuously Rotating Powder Bed
	Evaluation of a Feed-Forward Laser Control Approach for Improving Consistency in Selective Laser Sintering
	Electroforming Process to Additively Manufactured Microscale Structures
	In-Process UV-Curing of Pasty Ceramic Composite
	Development of a Circular 3S 3D Printing System to Efficiently Fabricate Alumina Ceramic Products
	Repair of High-Value Plastic Components Using Fused Deposition Modeling
	A Low-Cost Approach for Characterizing Melt Flow Properties of Filaments Used in Fused Filament Fabrication Additive Manufacturing
	Increasing the Interlayer Bond of Fused Filament Fabrication Samples with Solid Cross-Sections Using Z-Pinning
	Impact of Embedding Cavity Design on Thermal History between Layers in Polymer Material Extrusion Additive Manufacturing
	Development of Functionally Graded Material Capabilities in Large-Scale Extrusion Deposition Additive Manufacturing
	Using Non-Gravity Aligned Welding in Large Scale Additive Metals Manufacturing for Building Complex Parts
	Thermal Process Monitoring for Wire-Arc Additive Manufacturing Using IR Cameras
	A Comparative Study between 3-Axis and 5-Axis Additively Manufactured Samples and Their Ability to Resist Compressive Loading
	Using Parallel Computing Techniques to Algorithmically Generate Voronoi Support and Infill Structures for 3D Printed Objects
	Exploration of a Cable-Driven 3D Printer for Concrete Tower Structures

	Applications
	Topology Optimization for Anisotropic Thermomechanical Design in Additive Manufacturing
	Cellular and Topology Optimization of Beams under Bending: An Experimental Study
	An Experimental Study of Design Strategies for Stiffening Thin Plates under Compression
	Multi-Objective Topology Optimization of Additively Manufactured Heat Exchangers
	A Mold Insert Case Study on Topology Optimized Design for Additive Manufacturing
	Development, Production and Post-Processing of a Topology Optimized Aircraft Bracket
	Manufacturing Process and Parameters Development for Water-Atomized Zinc Powder for Selective Laser Melting Fabrication
	A Multi-Scale Computational Model to Predict the Performance of Cell Seeded Scaffolds with Triply Periodic Minimal Surface Geometries
	Multi-Material Soft Matter Robotic Fabrication: A Proof of Concept in Patient-Specific Neurosurgical Surrogates
	Optimization of the Additive Manufacturing Process for Geometrically Complex Vibro-Acoustic Metamaterials
	Effects of Particle Size Distribution on Surface Finish of Selective Laser Melting Parts
	An Automated Method for Geometrical Surface Characterization for Fatigue Analysis of Additive Manufactured Parts
	A Design Method to Exploit Synergies between Fiber-Reinforce Composites and Additive Manufactured Processes
	Preliminary Study on Hybrid Manufacturing of the Electronic-Mechanical Integrated Systems (EMIS) via the LCD Stereolithography Technology
	Large-Scale Thermoset Pick and Place Testing and Implementation
	The Use of Smart In-Process Optical Measuring Instrument for the Automation of Additive Manufacturing Processes
	Wet-Chemical Support Removal for Additive Manufactured Metal Parts
	Analysis of Powder Removal Methods for EBM Manufactured Ti-6Al-4V Parts
	Tensile Property Variation with Wall Thickness in Selective Laser Melted Parts
	Methodical Design of a 3D-Printable Orthosis for the Left Hand to Support Double Bass Perceptional Training
	Printed Materials and Their Effects on Quasi-Optical Millimeter Wave Guide Lens Systems
	Porosity Analysis and Pore Tracking of Metal AM Tensile Specimen by Micro-Ct
	Using Wax Filament Additive Manufacturing for Low-Volume Investment Casting
	Fatigue Performance of Additively Manufactured Stainless Steel 316L for Nuclear Applications
	Failure Detection of Fused Filament Fabrication via Deep Learning
	Surface Roughness Characterization in Laser Powder Bed Fusion Additive Manufacturing
	Compressive and Bending Performance of Selectively Laser Melted AlSi10Mg Structures
	Compressive Response of Strut-Reinforced Kagome with Polyurethane Reinforcement
	A Computational and Experimental Investigation into Mechanical Characterizations of Strut-Based Lattice Structures
	The Effect of Cell Size and Surface Roughness on the Compressive Properties of ABS Lattice Structures Fabricated by Fused Deposition Modeling
	Effective Elastic Properties of Additively Manufactured Metallic Lattice Structures: Unit-Cell Modeling
	Impact Energy Absorption Ability of Thermoplastic Polyurethane (TPU) Cellular Structures Fabricated via Powder Bed Fusion
	Permeability Analysis of Polymeric Porous Media Obtained by Material Extrusion Additive Manufacturing
	Effects of Unit Cell Size on the Mechanical Performance of Additive Manufactured Lattice Structures
	Mechanical Behavior of Additively-Manufactured Gyroid Lattice Structure under Different Heat Treatments
	Fast and Simple Printing of Graded Auxetic Structures
	Compressive Properties Optimization of a Bio-Inspired Lightweight Structure Fabricated via Selective Laser Melting
	In-Plane Pure Shear Deformation of Cellular Materials with Novel Grip Design
	Modelling for the Tensile Fracture Characteristic of Cellular Structures under Tensile Load with Size Effect
	Design, Modeling and Characterization of Triply Periodic Minimal Surface Heat Exchangers with Additive Manufacturing
	Investigating the Production of Gradient Index Optics by Modulating Two-Photon Polymerisation Fabrication Parameters
	Additive Manufactured Lightweight Vehicle Door Hinge with Hybrid Lattice Structure


	Attendee List
	Author Index



