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ABSTRACT 

Unveiling the composition – process – structure – property (CPSP) relations is challenging 

and a perpetual pursuit for alloy design and manufacturing processes. The applications of 

machine learning (ML) or artificial intelligence (AI) techniques to these research fields are 

emerging and expected to be a common practice in the future. The key behind this expectation is 

those unknown domains can be accurately estimated by learning from sufficient training 

examples. However, on the one hand, the experimental data are usually insufficient, highly 

sparse, and used as private resources, which poses a significant challenge in applying ML/AI 

approaches to real-world engineering problems. Alloy design or metal additive manufacturing 

(AM) are typical examples and often conduct limited amounts of high-cost experiments. The 

samples produced have high CPSP relations in terms of multiple length/time scales, multiple 

physics fields, and the “curse of dimensionality” in statistical learning. On the other hand, with 

the advancement of characterization instruments, a wealth of data is generated, such as 

microscopy and X-ray diffraction images that far outpace domain knowledge can interpret and 

analyze in real-time. 

Based on these challenges, the research of this thesis explores the state-of-the-art ML/AI 

techniques to assist materials manufacturing, property design, process optimization, and 

characterization. Specifically, the methods in the thesis automate the microscopy image/data 

analysis and make ML with limited experiments data to speed up scientific discovery and 

improve modeling performance. The results highlight the possibility or potential that a large 

fraction of manual work in the alloy design and additive manufacturing processes will be assisted 

with ML/AI-based automation systems. The methods developed will benefit a broad range of 

materials fields and enable high-throughput materials design and manufacturing.  
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CHAPTER 1  

INTRODUCTION 

1.1 Automated Microscopy Image and Data Analysis 

Harnessing experimental data generated from state-of-the-art advanced instruments might 

accelerate the design and realization of advanced functional materials. The instruments for 

materials characterization have produced a large and multi-dimensional data such as microscopy 

images, X-ray diffraction, and electron-based scattering diffraction [1][2]. Among them, high-

resolution transmission electron microscopy (TEM) images provide rich and direct information 

about the structure and dynamics of phenomena spanning from atoms to the macroscopic 

property of alloy. However, the tedious and time-consuming image and data analysis essentially 

hinder fast characterization, experimental design, and decision-making for alloy design and 

manufacturing. It therefore calls for the rapid and automatic image/data analysis workflow to 

efficiently transform, process, visualize and quantitatively describe the experimental data into 

physically relevant information. In Chapter 2, an automated image segmentation and 

quantification framework are developed for high-resolution TEM images, allowing for 

quantitative correlation between structural formation, processing, and functional properties. The 

impact has been verified on several alloy systems, phase morphologies, phase types, and image 

magnification levels. The study shows the promise of enabling high-throughput characterization 

for the acceleration of materials design and development. 

1.2 Physics-informed Machine Learning for Alloy Design 

Secondly, the use of experimental data for the applications of ML for alloy design is 

challenging as the repositories of materials data often struggle to accommodate the experiment-

to-experiment variations in data structures, ontologies, and methodologies, and as a result, the 



 
 

2 

 

number of data points for any one composition is usually very limited and highly sparse. The 

physics-informed ML aims to leverage a wealth of scientific knowledge for improving the 

effectiveness of data-driven models and speed up scientific discovery [3][4]. Besides, instead of 

the black-box characteristic of data-driven models, the physics-informed ML method has the 

potential to enable the interpretable of learned patterns to advance scientific knowledge, e.g., by 

engineering the physically meaningful input features and discovering the physical cause-effect 

mechanisms between variables. In Chapter 3, we develop a physics-informed feature engineering 

approach to enable ML to model multi-objective composition-process-property relations using a 

limited number of experimental data points [5]. Specifically, we show that by using feature 

engineering practices established by the materials informatics community to model alloy 

chemistries, together with a new approach that uses physical models to engineer thermal 

processing features, ML could work better for shape memory alloy prediction and design. The 

experiments design based on ML can greatly reduce the number of physics-based experiments 

and calculations needed to discover and design optimized, new materials. 

1.3 Metal Additive Manufacturing 

Metal additive manufacturing for metallic component design has gained attention for years 

with its promises of high-level automation, printing complex geometry component, and materials 

sustainability [6][7]. However, printing material on the new 3D printer with multiple desired 

properties is a great challenge due to the cost of trial-and-error experiments or computationally 

intense simulations for property prediction and process optimization. The experimental data 

exists in metals AM are highly sparse and are private resources. The adoption of prior knowledge 

is required since the development of metal AM systems are slow and expensive. The 

advancement of ML promises the ability to accelerate the adoption of new processes and 
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property designs for metal AM [8][9][10]. To enable process parameters optimization and 

quality assurance of printed part on a 3D printer, Chapter 4 proposes a data-mining-assisted ML 

knowledge transfer framework by leveraging a comprehensive experimental database collected 

from prior studies across printers, process variables, and output properties of laser powder bed 

fusion (LPBF) AM [11]. The process-property relationships and process features’ importance on 

the output property are thoroughly investigated. As a result, the ML models can predict 

characteristics of printed part with desirable performance. The multi-property experiments 

design with multi-objective global optimization has been performed for validation of the 

developed framework.  

 

 

Figure 1.1 Hierarchical architecture of autonomous materials design and manufacturing. Chapter 
2 of automated microscopy image and data analysis highlights the image feature extraction and 
quantification for process-structure-property relations. Chapter 3 of physics-informed ML of 
alloy design highlights the physics-informed features engineering and ML modeling for 
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composition-process-property relations. Chapter 4 of metal additive manufacturing highlights the 
process-property relations modeling and experiments design validation.   
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CHAPTER 2 

PHASE CLUSTERING AND QUANTIFICATION FROM UNANNOTATED HIGH-

RESOLUTION TEM IMAGE FOR ALLOY DESIGN 

2.1 Abstract 

In the alloy design and development process, a wealth of atomically resolved structural 

high-resolution transmission electron microscopy (HRTEM) images is produced. These images 

are often used to track nano-precipitation growth behavior under various chemical compositions 

and during manufacturing or post-processing. Identifying the nano-precipitates or phase 

evolution requires hundreds of images and thousands of precipitates. Micro/nanoscopic phase 

information labeling and analysis purely with human are prohibitively costly and time-

consuming, sometimes not reliable because of the lack of authoritative knowledge. Here, we 

develop an unsupervised machine learning approach coupled with computer vision techniques 

based on Fourier space to automatically identify, segment and quantify alloy phase with nano-

scale resolution, allowing for quantitative correlation between nanostructure formation, 

processing and functional properties. To automate the phase extraction/quantification and 

ascertain its applicability, we have applied the developed framework on the HRTEM images 

from several alloy systems and processing conditions as verification. This study paves the road 

for compression, visualization, and translation of raw image structural data into physically 

relevant information in real-time with little human supervision. It shows the promise for enabling 

the high-throughput materials characterization for the acceleration of alloy development. 

2.2 Introduction 

The linkage between crystal structure and material functional properties is a fundamental 

cornerstone of materials science and engineering [1]. The formation and evolution of crystal 
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structure over a broad range of synthesis and processes parameters have been vital for 

researchers in materials science and engineering, as the crystal structure and symmetry play a 

role in determining many physical properties such as mechanical property, reactivities, thermal 

conductivity and optical transparency [2][3]. Over the years, a lot of small-scale high-resolution 

imaging techniques such as scanning transmission electron microscopy (STEM) [3][4][5], 

scanning tunneling microscopy (STM) [6], and non-contact atomic force microscopy (AFM) [7] 

allowed direct imaging of atomic columns and surface atomic structures in nanoscale and 

microscale. These techniques have directly visualized the structure of matter, providing the 

structural information underlying the symmetry of crystals, grain boundaries, dislocation cores, 

and stacking faults, thereby giving insight into the chemical and physical behavior of materials. 

Among them, high-resolution transmission electron microscopy (HRTEM) has been one of most 

popular ways for producing spectacular images of the internal structure and composition of 

matter with nanometer, molecular and atomic resolution, allowing for local identification of 

nano-precipitates and chemical composition [8][9]. For example, it was recently used for 

mapping element distribution for high entropy alloys [10][11], tracking nano-precipitates growth 

and evolution behavior in shape memory alloys [3][12][13], establishing process-structure-

property relationships for additively manufactured (AM) Inconel 718 (IN718) [14], analyzing of 

charge distribution due to chemical bonding [15], designing nano-grained copper [16], 

restructuring of 2D silica glass  [17], sculpting of crystalline oxides at atomic level [18] or 

probing interface of electronic materials [19]. 

For alloy design, the mechanical and thermomechanical properties are heavily dependent on 

the crystal structure (or phase) and its morphology, which can be interpreted as the structure-

property relationships on the level of atomic scale, linking materials’ electric, magnetic, 
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chemical and mechanical functionalities to atomic configurations. High-resolution TEM imaging 

aims to identify the constituent phases present and their spatial distribution in the bulk materials. 

In the fields of alloy design and development, as an instrumental platform and data acquisition 

are becoming ubiquitous, materials scientists can produce large, multi-dimensional image 

databases, especially in nanometer length scale for microstructural and mechanical property 

analysis. The development of an automated and robust method is becoming critical to efficiently 

translation, processing, visualization and quantitative description of these images into physically 

relevant information [1]. However, this task is often challenging; for example, in practice, the 

alloy specimen undergoes a long journey from manufacturing to post heat-treatments to sample 

preparation and TEM machine imaging process. The image produced usually consists of a 

mixture of phases, multiple crystal structure orientations, an extensive range of phase size, a 

variety of phase shapes or morphology. In addition, image artifacts, background noise, light 

contrast, and the presence of defects and impurities often blur the atomic positions and affect the 

effectiveness of different phases detection from the lattice cells of atom alignment. The nano-

structural phase types, phase boundaries, phase numbers, and dimensional information are also 

difficult for a human to determine and quantify. These barriers prevent people from performing 

rapid and meaningful phase information extraction and analysis with raw image/data collection. 

The advances of machine learning (ML) techniques integrated with computer vision (CV) 

open a new way to address the challenges faced. The recent examples from areas such as robot 

and control [20][21], human-level concept learning [22], biological imaging [23], and cancer 

research [24] demonstrated the potential of ML-based methods for solving scientific problems. 

In the field of materials design, specifically, exploring the database of structural and functional 

imaging data and correlating them to macroscopic properties and processing conditions are 
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expected to achieve with an ML/AI automation system. For example, Aguiar et al. [25] recently 

trained supervised deep neural networks (DNNs) based on a public well-labeled materials 

structure database to identify crystallographic structures from high-resolution imaging and 

diffraction data. Ziletti et al. [26] also presented a convolutional neural networks (CNNs) model 

for supervised classification among 100,000 crystal structures by calculating their simulated 

diffraction pattern, to automatically classify structures by crystal symmetry. Their methods pave 

the way for crystal structure recognition, even with noisy and defective 3D structural data, and 

for the purpose of automated image/data analysis. Kaufmann and his colleagues [27] recently 

identify crystal symmetry based on electron backscatter diffraction (EBSD) pattern with the 

supervised CNNs method. Although deep neural networks are powerful in the classification of an 

object (or materials crystal structure), however, DNNs require a large amount of annotated data. 

The model performs well on training datasets (or crystallographic phases) but can fail badly on 

real-world images outside of training [28]. The researchers often work on tasks where the 

annotation is easy instead of tasks that are imminent. On the other hand, the supervised DNNs 

are usually sensitive to the changes in the image. A very small change in the input (imperceptible 

to humans) can flummox the best neural networks. For example, pixels maliciously added to 

medical scans could fool a DNNs into wrongly detecting cancer [29]. In the step towards full 

automation of information extraction from high-resolution structural and functional imaging 

data, there is a strong need to reduce data supervision. The existing methods generally refer to 

unsupervised learning, one-shot learning, weakly supervised learning or dimensionality 

reduction techniques those have found broad applicability in many research fields [1][30].  

To overcome the challenges, we currently introduce an automatic way based on 

unsupervised learning coupled with CV techniques to identify, segment, and quantify phase with 
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high resolution and efficiency from raw HRTEM image, allowing for a quantitative correlation 

between nanostructure formation, processing conditions, and functional properties of the alloy. 

The current work is complementary with existing supervised DNNs for the identification of 

crystal structure from diffraction images [25][26][27]. The highlights of this paper include:(1) 

different phases can be distinguished from the raw image with little human supervision; (2) 

automatically determine how many phases exists; (3) statistical information of phases can be 

quantified with high accuracy and efficiency; (4) the unsupervised method uses unannotated 

images, which does not require image/data collection for a prior model training. The method is 

materials independent and universally applicable to any TEM image of crystal or amorphous 

materials. Once done, the supervised DNNs model in [25][26][27] can help as complementary to 

identify the specific phase crystallographic structures (e.g. bcc, fcc). However, the step of 

supervised DNNs phase crystal structure identification sometimes is not necessary in practice; 

for a specific alloy a researcher is studying, the alloy often has a limited number of phases that 

can be easily identified by domain knowledge. For example, people studying phase growth and 

evolution of Inconel 718 can easily identify the specific phase from our phase diffraction pattern 

clustering method without relying on the complex supervised DNNs model. Furthermore, in 

contrast to supervised methods, which take place offline (pre-training a model with well-labeled 

data), the developed framework with little human supervision has the potential to learn in real-

time, and the model work on its own to find feature or pattern. It allows image data analysis that 

returns information about phase types and dimensional information in near real-time. Therefore, 

this completes a loop in the materials design cycle as shown in Fig. 2.1, from manufacturing to 

characterization to analysis and to atomic-level design decision, expecting to integrate with 

fabrication parameters and functional properties to accelerate the alloy design and development.  
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Figure 2.1 The workflow of automated microscopy image and data analysis. 

2.3 Workflow of Methods 

Fig. 2.2 illustrates the workflow for phase segmentation and statistical quantification from 

raw HRTEM images. First, the crystal structure of different phases can be identified with a 

classical fast Fourier transform (FFT) within a local window. Then with optimal scan window 

parameters such as window size and step size, the sliding window scans across the image and 

generates a stack of FFT diffraction images (Fig. 2.2A). Secondly, the raw FFT image patterns 

are processed to eliminate the background noise and retain the informative diffraction spots (Fig. 

2.2B). Then, the phase numbers in the image can be determined based on the FFT pattern 

similarities and Bayesian information score (Fig. 2.2C). Then the clean FFT image stack is 

analyzed by employing unsupervised clustering to group similar FFT diffraction patterns. The 
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phases are then grouped with color maps in the real image space for visualization (Fig. 2.2D). 

Finally, different phases are segmented based on colors; at the same time, Matlab optical 

character recognition (OCR) engine identifies the scale bar of the HRTEM image for 

quantitatively measuring the phase information presented in the image (Fig. 2.2E). The specific 

step of the workflow will be introduced in Materials and Methods. 

 

 

Figure 2.2 Schematic illustration for phase clustering and quantification from an atomically 
resolved HRTEM image. (A) A sliding FFT window generates a stack of phase - specific FFT 
patterns. (B) FFT-based feature engineering to denoise phase patterns and obtain clean FFT 
pattern stack. (C) Bayesian information criterion (BIC) and Scree plot automatically identify the 
possible number of phases. (D) Unsupervised clustering for FFT stack to group similar FFT 
patterns, and then was visualized with color maps. (E) Phase segmentation and quantification 
through recognizing the scale bar and segmented region properties calculation. 
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2.4 Materials and Methods 

In practice, HRTEM image often suffers from imaging variations such as light contrast, 

background noise, and sample preparation or environmental factors. The images are often rich in 

multiple crystallographic phases, precipitates and contaminants. Extracting and interpreting the 

statistical information and hidden physical mechanism with high effectiveness is often 

challenging. The phase image segmentation based on real image space has difficulty discerning 

different phases and perform meaningful structural knowledge extraction. Fig. 2.3A shows the 

HRTEM image is taken from AM Inconel 718 (IN718) and heat-treated at solid solution 980 

oC/0.25 h and aging 720 oC/24 h. There is a δ precipitate phase that grows from the left side of 

the image in the γ matrix phase. The different phase segmentation based on real image space 

with either the Otsu’s thresholding, level set, or k-means clustering [31][32] shows no phase 

identification capability and interpretability, as shown in Fig. 2.3(B-D). These methods generally 

work by finding groups of pixels that “go together” based on the intra-region consistency and 

inter-region boundary dissimilarity. In contrast to the real image space segmentation, the fast 

Fourier transform (FFT) of local image analysis allows spatially mapping the atomic alignment 

structures into interpretable physical phase diffraction patterns. The FFT-based analysis is robust 

to image artifacts because the clean FFT diffraction pattern can be obtained once atomic lattice 

periodicity or fringe is present. The Fourier transformation is less dependent on the local image 

quality on an atomic scale. With FFT image feature processing and extraction steps, the obtained 

FFT image patterns from the raw image can be used for ML-based phase clustering and 

segmentation. 
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Figure 2.3 (A) Raw HRTEM image taken from AM Inconel 718 and heat-treated at solid 
solution 980 oC/0.25 h + aging 720 oC/24 h. Traditional image segmentation in the real image 
space with (B) local Otsu’s thresholding, (C) level set and (D) k-means clustering in real image 
space.  

2.4.1 Fast Fourier Transform 

The nanostructure of phase at each location of the image is identified by a classical Fast 

Fourier transform (FFT) [31]. Fourier transform can be generalized to higher dimensions. The 2-

dimensional (2D) FFT is computed on the windowed image. The formula to describe the 2D 

Fourier transform for image signal f(x, y) over an x-y plane is expressed as, 
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𝐹(𝑓(𝑥, 𝑦))(𝑢, 𝑣) = ∫ ∫ 𝑓(𝑥, 𝑦)𝑤
0

𝑙
0 𝑒−𝑖2𝜋(𝑢𝑥+𝑣𝑦)𝑑𝑥𝑑𝑦                          (2.1) 

where u, v are spatial frequencies in F space in x and y directions, respectively, and i is the 

imaginary unit. l and w are the width and length of scan window. The Fourier transform F is then 

rearranged by shifting the zero-frequency component to the center of the array. Since the F is a 

complex number and in order to provide the FFT of image in a grayscale image, the absolute 

value F was used and then logarithm operation is applied for perceptual scaling. Finally, the 

matrix F is converted to an intensity image I that contains image pixels value in the range 0 

(black) to 1 (white). 

2.4.2 Optimal Window Parameters 

2.4.2.1    FFT pattern dispersion 

The appropriate scan window size can be estimated from the trade-off between FFT 

dispersion and computation intensity. Dispersion in statistics is a way of describing how 

spreading out a set of data is. The spread of a data set can be described by a range of descriptive 

statistics, including variance, standard deviation and inner-quartile range. Here, 2D standard 

deviation of the pixel intensity values of FFT pattern image I can be calculated as the dispersion 

measure, 

𝜎 = √ 1𝑙×𝑤 ∑ ∑ (𝐼𝑖𝑗2 −𝐼2̅𝐼2̅ )2𝑤𝑗=1𝑙𝑖=1                                                      (2.2)  

where 𝐼𝑖𝑗and 𝐼 ̅are the pixel value at the specific position and the mean pixel value. For too small 

window size, such as 30×30 and 60×60 pixel (px), the informative diffraction spots are fused 

with the background. The FFT scan window is not enough to capture the periodicity of the 

atomic cell, FFT image pattern is not clean and background noise is dominated, as shown in Fig. 
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2.4(A, B). The dispersion value 𝜎 is also large with a wide histogram peak. As the window size 

increases to 120×120 or 240×240 px, the phase FFT pattern will stand out from background and 

the corresponding σ of FFT image will also be reduced, as shown in Fig. 2.4(C, D). 

 

 

Figure 2.4 The demonstration of FFT image dispersion σ with different window size d, the 
window length and width equal d. The figure column (i) window image, (ii) image of raw FFT 
diffraction pattern, and (iii) pixel value histogram of FFT image for the dispersion calculation. 
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2.4.2.2    Sliding window process 

The two-dimensional FFT sliding window with size d×d is computed for the entire image by 

column and row scanning in step tx,y, as shown in Fig. 2.5. At each step, the FFT of the 

windowed image is computed. Mathematically, a square window is initially located at the upper 

left corner of HRTEM image, then scan the entire image with the same step size t in column and 

row. As a result, the scan window covers all regions of an image, and in total m observations of 

FFT image patterns are formed. During the sliding window process for image feature extraction, 

the sliding window size is a significant parameter that needs to determine beforehand. Too large 

window size cannot capture the smallest phase structural features. Too small window size cannot 

capture the periodicity of atom cell alignment, and obtain an obscure FFT pattern image, as 

shown in Fig. 2.4(A, B).  

 

 

Figure 2.5 The sliding window scans across the HRTEM image in row and column. Raw FFT 
pattern image stack is formed.  
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2.4.2.3    The Quadtree splitting  

Determining local optimal window parameters is necessary to capture the local windowed 

image and group the same structural phases in one cluster. We first develop an algorithm of 

Quadtree splitting based on the FFT diffraction image similarities in the Fourier space. Then, the 

Quadtree splitting is applied on the HRTEM image to detect the heterogenous or homogenous 

phase region and assist people in determining the minimal phase features or window size. After 

the Quadtree splitting of raw HRTEM image, the dispersion value of divided quadrants across 

different window sizes are calculated with dispersion – window size plot, as shown in Fig. 

2.12(B). The desired sliding window size is determined by the elbow shape region of the 

dispersion - window size plot. At the same time, the sliding window computational intensity (in 

minutes) relative to the window size is also visualized. The computational intensity would 

increase shapely with the decrease of window size. Less computational time is more desirable.  

A quadtree is a tree data structure in which each internal node has exactly four children. 

Quadtrees are often used to partition a two-dimensional space by recursively subdividing it into 

four quadrants or regions [33][34]. Instead of the traditional usage of Quadtree splitting 

segmentation which is based on the pixel value variations in the real image space, in our case, 

the image splitting is based on the similarity of FFT image diffraction similarities in the Fourier 

transformed space. Fig. 2.6(A) shows the operation mechanism of Quadtree splitting in the 

Fourier transform space. The raw image Q is firstly split into four children quadrants Q1…4 in 

orange color. For each quadrant, the algorithms will check whether the phase crystal structures 

inside are homogeneity or not. Specifically, each parent image has four children node quadrants 

and six comparisons in total are needed to check the corresponding FFT image diffraction 

similarity. The stopping dividing criteria is: if all the sub-quadrants comparison score is less than 
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the threshold or the smallest window size has been reached is true, the algorithm stops further 

dividing the parent image and return; otherwise, the parent image keeps dividing into the 

children quadrant images. The developed algorithm will partition the 2D image space by 

recursively subdividing it into four quadrants or regions, and finally, save the image as the tree 

data structures in Fig. 2.6(B). The equation for determining the homogeneity of parent region is 

expressed as, 𝐿𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑖,𝑗=1, 2,3,4, 𝑖≠𝑗|𝑄…𝑖 ∗ 𝑄…𝑖 − 𝑄…𝑖 ∗ 𝑄…𝑗| ≤ 𝐿𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑                   (2.3)  

The comparison score threshold Lthreshold can be defined as the variation value of the parent 

image or the user-defined threshold. Here, we set the threshold 0.6 as applicable for most images 

we collected for different image scales, different materials and different processing conditions. 

For example, in the top quadrants Q1 and Q2 of Fig. 2.6(A), the comparison scores of sub-

quadrants are less than the threshold, indicating the crystal structures of the parent quadrant are 

homogeneous with the same phases, and the further division will be stopped. In contrast, in the 

bottom quadrant Q3 and Q4, the FFT diffraction images of these sub-quadrants are not similar 

and calculated with a high comparison score larger than the threshold; the parent quadrant will 

be further divided until the stopping criteria are satisfied.  
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Figure 2.6 Quadtree splitting based on the FFT diffraction image similarity with (A) schematic 
demonstration, and (B) quadtree data structures. 

2.4.3 Hann Window 

Image processing is required to clean FFT image patterns and prevent the deterioration of 

subsequent phase clustering performance. During performing FFT on the windowed real image 

space, the window boundary causes a sharp transient which creates the vertical and horizontal 

white line in the FFT image. The Hann window [35] is designed to reduce the sharp transient 

effects during the Fourier transform as much as possible. The 2D dimensional Hann function 

w(x,y) has the same size as the FFT window by 𝑑 × 𝑑. The 2D Hann window 𝑤(𝑥, 𝑦) can be 

expressed by the matrix multiplication of one-dimensional Hann window w(x) and w(y) in x and 

y axes, 𝑤(𝑥, 𝑦) =  𝑤(𝑥) ∗ 𝑤(𝑦) = 

{0.5 (1 + cos (2𝜋 𝑥𝑑)) ∗ 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(0.5 (1 + cos (2𝜋 𝑦𝑑))),    |𝑥| ≤ 𝑑2 , |𝑦| ≤ 𝑑2 0,                                                                                                            |𝑥| > 𝑑2 , |𝑦| > 𝑑2                  (2.4) 
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I is the image of the FFT pattern after performing fast Fourier transform F in Section 2.4.1. 

The clean FFT image after performing 2D Hann window 𝐼′ can be computed by 𝐼′ = 𝐼 ∗ 𝑤(𝑥, 𝑦) 

with matrix multiplication. As shown in Fig. 2.7, the raw FFT image of matrix phase and 

precipitate phase is blurry with background noise. Hann window is applied to each FFT image to 

remove uninformative white lines caused by the sharp transition effects of scan window edges 

(Fig. 2.7D). The informative dot patterns remain. 

 

 

Figure 2.7 (A) The raw HRTEM image taken from AM Inconel 718 and heat-treated at solid 
solution 980 oC/0.25 h + aging 720 oC/24 h. The window slides over two different phases (blue: 
δ precipitate, red: γ matrix). (B) The magnified scan window image marked in A. (C) calculated 
raw FFT image, and (D) FFT image after applying Hann window to erase white lines caused by 
window edge effects.  

2.4.4 Background Denoising 

Even after applying the Hann window, there is still a lot of white noise on the center region 

of image (Fig. 2.7D). Therefore, background noise subtraction was performed by image 

morphological operations, as shown in Fig. 2.8. Specifically, the background denoising steps is 

implemented to reduce background noise and clean FFT patterns image, which is performed 
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based on image opening and closing operations [31]. Image opening indicates erosion followed 

by dilation as (𝐼𝛩𝑏) ⊕ 𝑏, whereas closing is dilation followed by erosion, (𝐼 ⊕ 𝑏)𝛩𝑏. The 

morphological structuring element is set as a disk shape with radius 3 px when doing dilation and 

erosion operations: The 𝛩 indicates erosion, and output pixel is the minimum value of all pixels 

in the neighborhood. Morphological erosion removes small objects so that only substantive 

objects remain. ⊕ indicates dilation, and the output pixel is the maximum value of all pixels in 

the neighborhood. Morphological dilation makes objects more visible and fills in small holes in 

objects. Therefore, as shown in Fig. 2.8, the geometric interpretation of opening is that it takes 

out the highest pixel value, removing small and bright spots. Closing operation takes out the 

lowest pixel value, removing small, dark details. Then the clean FFT pattern was obtained with 

subtraction between closing image with opening image, as shown in Fig. 2.8(iv).  

 

 

Figure 2.8 The demonstration of background denoising process of two types of FFT pattern. (i) 
FFT pattern after applied Hann window, (ii) closing image subtracts (iii) opening image equals 
(iv) the clean FFT pattern image.  
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After FFT-based image feature engineering steps, the clean phase-specific FFT patterns are 

obtained from the entire image for subsequent phase clustering and quantification. The effects of 

FFT image processing steps on clustering performance are visualized (Fig. 2.9). It shows the 

unsupervised clustering with raw FFT images cannot identify different phases (Fig. 2.9A); 

whereas with image processing steps, the precipitate stands out from the matrix phases in yellow 

color (Fig. 2.9B).  

 

 

Figure 2.9 The comparison of phase clustering in color maps (A) without and (B) with FFT-
based image feature engineering steps. 

2.4.5 Unsupervised Clustering 

Image segmentation based on clustering methods is a common practice in computer vision 

research fields [36]. Clustering is a process of finding data similarities and grouping similar 

entities together. Specifically, in our study, clustering analysis is the task of grouping a set of 

FFT image objects in such a way that similar FFT pattern images are grouped in the same group 

(or cluster). Non-negative matrix factorization (NMF) analysis has an inherent clustering 

property [37]. NMF method allows accurate and fast identification and mapping of different 
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constituent structural endmembers/phases. The non-negativity constraint in NMF guarantees that 

extracted endmembers are physically interpretable. NMF has become a widely used tool for the 

analysis of high dimensional data such as X-ray diffraction, Raman spectroscopy and AFM 

datasets [38][39][40].  

For this study, NMF automatically clusters the input FFT image stack Im, where m is the 

number of images in the image stack determined from the previous sliding window process. For 

each 2D image, we first reshaped the image into a one-dimensional vector based on their pixel 

value, which equals image length (l=d px) by image width (w=d px). Therefore, a two-

dimensional matrix Vm×n is created for the stack of FFT image Im, where n = d×d. Specifically, 

the NMF analysis is a non-negative approximation algorithm where a non-negative matrix Vm×n 

is factorized into two non-negative matrices, one endmember H and an endmember weight W, 

which is expressed as,  𝑉𝑚×𝑛 = 𝑊𝑚×𝑘𝐻𝑘×𝑛                                                            (2.5) 

The approximation of F by 𝐹 ≈ 𝑊𝐻 is achieved by finding W and H that minimize the error 

function ‖𝑉 − 𝑊𝐻‖𝐹2 , subject to 𝑊 ≥ 0, 𝐻 ≥ 0. k is the number of reduced/factorized vectors 

(or cluster numbers) in the matrix H. As a schematic demonstration in Fig. 2.10(A), a scan 

window 100×100 px sliding HRTEM image and generates 2500 FFT pattern images, the matrix 

V is 2500 rows and 10000 columns. That is, image stack matrix Vm×n is V2500×10000, indicating it 

has 2500 FFT images and each image is indexed by a 10000 pixel length vector. Assume an 

image stack matrix V consists of 2 phases (2 clusters), V thus decomposed into endmember 

feature matrix W (phase weight) with 2500 rows and 2 columns and endmember matrix H (phase 

pattern) with 2 rows and 10000 columns. Finally, the endmember matrix H can be reshaped into 

2D 100×100 px image representing 2 basic phase FFT patterns, and matrix W comprising the 



 
 

24 

 

contribution of each basic FFT pattern. For a specific row (FFT image) in the original Vm×n, the 

higher weight value in matrix W representing higher confidence of the corresponding basic FFT 

pattern. Each column of matrix W can further reshape into 2D 50×50 weight matrix in color 

heatmap indicating phase color maps visually. For TEM image phase visualization in our case, 

the higher value of phase membership, the brighter of phase color in this location. In this way, 

the specific phase was highlighted from the colored image.  

 

 

Figure 2.10 The schematic representation of different unsupervised FFT-based phase clustering 
methods, including (A) NMF analysis, (B) K-mean clustering, and (C) PCA analysis. 

NMF analysis works as a soft clustering where the classification confidence of each cluster 

is assigned. The interpretable visualization of clusters of phase pattern and phase weight is 

desirable for our TEM image case. The way soft clustering works is that each image is assigned 

probabilities that essentially express the “belonging strength” to the cluster. A phase membership 
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(weight) vector is created that expresses the probability of cluster membership, ranging from 0 to 

1, indicating how similar of a data is to the mean of each cluster.  

K-means is another unsupervised clustering method [41]; it aims to partition the m FFT 

image observations Im = {I1, …, Im} in the FFT stack into k clusters S={S1, …, Sk} to minimize 

the within-cluster sum of squares. Formally, the objective is to find,  

𝑎𝑟𝑔 𝑚𝑖𝑛 ∑ ∑‖𝐼 − 𝜇𝑖‖2𝐼∈𝑆𝑖
𝑘

𝑖=1                                                        (2.6) 

where the 𝜇𝑖 is the mean point of cluster Si. The algorithm assigns the cluster mean 𝜇𝑖 iteratively 

until the assignments no longer change. The output of the algorithm is a label for each FFT 

image, which indicates the phase cluster to which each FFT image’s phase structure belongs. 

Then the label for each window image is annotated with color. The colored arrays are shaped 

with window size and scan over the top of the original HRTEM image, as shown in Fig. 2.10B. 

Another way to simplify high dimensionality image data is via Principal component analysis 

(PCA) [41]. The concept of PCA method used in image recognition is decorrelation and 

dimensionality reduction of the data. Mathematically, PCA is an orthogonal linear 

transformation that transforms the data to a new coordinate system such that the first eigenvector 

accounts for the largest amount of variance, the second represents the second largest variance in 

the datasets, and so on for all subsequent eigenvectors. It is operated as 1) find mean �̅� (column-

wise) of data matrix V; 2) subtract mean �̅� (the mean of V in the column) from each row of V, to 

obtain Vs=V-�̅� (e.g. shift origin to mean of the data for new u-v axis space); 3) find covariance 

matrix of Vs, 𝑄 = 𝑉𝑠𝑇∙𝑉𝑠𝑚−1 , 4) then we can diagonalize the matrix Q with the help of a 

transformation matrix P, as 𝑃𝑇𝑄𝑃 = 𝛬, Λ is a diagonal matrix of size 𝑛 × 𝑛 whose diagonal 

carries all the eigen values (λ1> λ2>…. λn) of the matrix Q. 4) now the matrix P can be used to 
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decorrelate the original FFT image matrix V to project it into new axis system u-v axis, this 

transformation is given as,  𝑇𝑚×𝑛 = [𝑉𝑠]𝑚×𝑛 ∙ [𝑃]𝑛×𝑛                                                       (2.7) 

To achieve dimensionality reduction and image representation, we consider only a few 

columns (eigen vectors) of matrix P, by selecting the first p largest eigen values λp in matrix Λ. In 

this way, the original FFT image stack 𝑉𝑚×𝑛 is presented in the transformed image space 𝑇𝑚×𝑝. 

From an image visualization perspective, the transformed image 𝑇𝑚×𝑝 is reshaped in the column 

to get the first p number of PCA loadings (e.g. phase maps). Correspondingly, the principal axes 

in the new u-v space, representing the direction of maximum variance in the data, and will be 

reshaped to get the first p number of the basic FFT image pattern, as shown in Fig. 2.10C. 

In this operation of PCA process, it does not have non-negative deconvolution, as the 

constraint for NMF analysis. PCA analysis aims to represents FFT stack V as a superposition of 

orthogonal, linearly uncorrelated eigenvectors in matrix P. The phase map and basic FFT pattern 

obtained from PCA analysis contain a set of unexplainable negative values. The discussion part 

will give a comparison of different phase clustering methods. NMF-based clustering performs 

better than PCA and k-means methods: more interpretability and accuracy. 

2.4.6 Phase Number Determination 

Determining the optimal number of clusters in a data set is a fundamental issue in 

unsupervised clustering, which requires the user to specify the number of clusters K. However, 

the optimal number of clusters is somehow subjective and depends on the user-defined method 

and parameters. The dendrogram tree-based hierarchical clustering is a way to assist the 

automation of cluster numbers determination in the data sets with little human intervention, but it 

still needs humans to subjectively determine the cluster numbers by representing the distance or 
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dissimilarity between clusters in the dendrogram [42]. The other traditional ways like elbow, 

silhouette, and gap statistic which are based on computing the internal cluster variation, relative 

internal variation to external cluster or random uniform distribution [43][44]. However, 

computing all-pairs distances within each cluster are computation-intensive and time-consuming. 

Especially in the current work, the FFT image stack is with a few thousand of FFT images; each 

FFT image is reshaped into a very long vector in the magnitude of the fourth power of ten.  

In this work, a more advanced method called Bayesian cluster enumeration criterion is 

adopted. The Bayesian information criterion (BIC) formulates the problem of estimating the 

number of clusters in an observed data sets as a maximization of the posterior probability of the 

candidate models Mk, the models with different number of clusters [45][46]. The BIC is formally 

defined as, 𝐵𝐼𝐶 = 𝑘𝑙𝑛(𝑁) − 2ln(�̂�)                                                       (2.8)    

where �̂� is the maximized value of the likelihood function of model M, N is the number of data 

points, k is the number of parameters/clusters for models.  

At first, a maximum number of clusters/phases kmax is determined by humans for a specific 

TEM image. Then, Expectation-Maximization (EM) partitions the data according to a set of 

candidate models Mk, k=1,…,kmax.  The original BIC score is computed for each parametrization 

likelihood from 1 to kmax clusters. The optimal cluster number is determined by maximizing BIC,  𝑘𝑜𝑝𝑡 = arg max𝑘=1,…,𝑘𝑚𝑎𝑥 𝐵𝐼𝐶(𝑀𝑘)                                                    (2.9) 

Besides that, scree plot of matrix decomposition methods is also an index for determining 

clusters number. Matrix decompositions algorithms, including PCA, NMF, or independent 

component analysis (ICA), are fundamental tools in the area of applied mathematics, statistical 

computing, and machine learning. They are widely used for data analysis, dimensionality 
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reduction, and data compression [47]. The reconstruction error ε in the scree plot of matrix 

decomposition indicates the matrix difference between real FFT image stack V and reconstructed 

data from the product of decomposed matrix W and H,  

 𝜀 = ‖𝑉 − 𝑊𝑘𝐻𝑘‖𝐹2 , 𝑘 =  1, … , 𝑘𝑚𝑎𝑥                                          (2.10) 

The reconstruction error always decreases with the number of components or clusters it 

decomposed. The location of a bend (elbow) in the plot is generally considered as the appropriate 

number of clusters. These two methods can run simultaneously to assure the veracity of the 

optimal number of clusters determination.   

2.4.7 Image Segmentation  

The phase color maps from previous FFT image unsupervised clustering steps are based on 

RGB color code. We next need to segment the phase image based on color code. Since phase 

weight maps are colored with yellow in higher weight score and dark blue in a lower score, the 

application of threshold on hue images can easily segment colors and represent different phases. 

With the hue value increase, the color transitions from red to orange, yellow, green, cyan, blue, 

magenta, and finally back to red [48]. The obtained phase weight color maps firstly are converted 

from RGB colors (R: red, G: green, B: blue value is divided by 0-255) to hue, saturation and 

value (HSV) values of HSV image where the 3 numeric arrays with values in the range 0 to 1. 

For each phase representation, the phase was stand out from the background and was observed 

from HSV image. Then the phase in the image was automatically segmented with Otsu’s 

thresholding method. This threshold is determined by minimizing intra-class intensity variance, 

or equivalently, by maximizing inter-class variance [49], 𝜎𝑤2 (𝑡) = 𝑤0(𝑡)𝜎02(𝑡) + 𝑤1(𝑡)𝜎12(𝑡)                                           (2.11)  
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where weight 𝑤0 and 𝑤1 are the probabilities of the two classes separated by a threshold t, and 𝜎02 and 𝜎12 are variances of these two classes. The weight 𝑤(𝑡) is computed from the bins of 

histogram. It steps through all possible thresholds and updates class probabilities, class means, 

and variance. The desired threshold corresponds to the maximum variance 𝜎𝑤2 (𝑡) and can be 

used to separate pixels into two classes (binary image), foreground and background, to complete 

segmentation. During image segmentation, image opening followed by image closing is also 

performed to reduce image artifacts. 

2.4.8 Image Quantification 

The image quantification starts with automatically recognizing the scale bar from the 

HRTEM image. The scale bar region is first converted to a binary image through Otsu’s 

thresholding technique. Then the text recognition from the binary image is performed with a 

Matlab optical character recognition (OCR) engine [50]. If needed, the output contains the 

recognized text, text location, and recognition confidence of the result. The corresponding ruler 

length is directly measured by counting the length of ruler in the pixel value. With each 

individual phase or precipitate in the segmented image labeled, the region properties can be 

programmed to measure statistical information such as area, centroid, axis length, orientation, 

etc. [31][51]. Note that the measured length and area properties are in a unit of pixel. The real 

length unit in the nanometer is converted from the recognized scale bar information. For the 

image with multiple phases or precipitates, the phase fraction in the image was measured by the 

sum of areas of individual labeled regions divided by the entire image area. The interparticle 

central distance can be obtained from the nearest point searching and measured in Euclidean 

distance [52]. 

 



 
 

30 

 

2.5 Image Processing and Preparation 

FFT-based image segmentation and quantification processes, the scan window size and step 

size are critical parameters to determine. The FFT image pattern generated from too small 

window size will not be clean and background noise will dominate. With window size d 

increase, the phase FFT pattern will appear more clearer from background noise and 

dispersion/variance (σ) of FFT image will reduce, but on the other hand, the small precipitates 

may be ignored on the window scanning. The computational time is mainly contributed from 

Fourier transform and FFT-based feature engineering steps. Therefore, computation time that 

range from a few hours to minutes strongly depends on the scan window size and step size. With 

the smaller window size and step size, a larger FFT image stack is generated and higher 

computational intensity. The step size minimum resolution is defined as window step size, by 

converting pixel length to real space length.  

To automatically determine optimal scan window parameters with minimum human 

intervention, we first visualize the HRTEM image with Quadtree splitting based on the FFT 

pattern similarities of divided children image in its parent node image. The Quadtree splitting 

process would assist humans in visualizing the homogeneity/heterogeneity of local and global 

image regions. Combing with the divided FFT image’s dispersion – window size plot and 

computational intensity, the human would easily determine an optimal window parameter by 

taking the bending region of the dispersion curve and less computational time. 

For a simple HRTEM image with size 4096×4096 px, as demonstrated in Fig. 2.3. The result 

of Quadtree window splitting based on the FFT pattern similarities in the Fourier space is shown 

in Fig. 2.11A. The minimum window size is 32 px as the threshold to stop splitting. It can be 

seen on the homogenous phase region; the larger window size is obtained due to the high 
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similarity of FFT image pattern. In contrast, on the phase-precipitate boundary region, it 

continues to split till the minimum window size is reached. The calculations of FFT pattern  

 

Figure 2.11 FFT-based image feature engineering for HRTEM image. (A) The Quadtree window 
splitting based on the FFT pattern similarities in the Fourier space. (B) The variations of FFT 
image dispersion and computational time against the changes of window size. (C) The step size 
in nanometer and computational time vary with the changes of step size. C(i-iv) The effects of 
different step sizes on the phase boundary distortion in color maps.  

dispersion value across different window size from the Quadtree splitting are shown in Fig. 

2.11B (in pink cross mark). Then the mean of FFT dispersion value at each window size fits an 

orange curve. It can be seen the FFT image dispersion sharply decreases with window size; then 
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a plateau shape is formed at about 200 px. The computational time reduces sharply from hours to 

minutes with increasing window size. The desired window size appears in a range of 180-280 px, 

which exhibits a bending region in the FFT dispersion curve at a lower computational time cost. 

In this case, we choose 240 px as the window size. The step size of the scan window will also 

impact the result. As seen from Fig. 2.11C, it shows the step size in nanometer increases linearly 

with the step size in px. The computational time sharply decreases with step size due to the 

decreased number of total FFT image in the FFT image stack. However, with the increase of step 

size from 80 to 200 px, the phase boundary is distorted to affect the subsequent quantification 

accuracy (Fig. 2.11C(i-iv)). In this case, the step size 80 px is chosen considering the 

computational time in a few minutes and the smooth phase color maps. 

2.6 Phase Clustering and Quantification 

To fully automate this phase identification and segmentation task, unsupervised clustering 

requires a prior estimate of K—the number of phases that exist. The Scree plot shows the 

reconstruction error against the cluster number the FFT image decomposed. The optimal cluster 

number is more likely to be the point where the “elbow” of graph presents. The BIC score is 

used to estimate the number of clusters by searching for the largest BIC value among the 

candidate cluster numbers. Fig. 2.12F shows the BIC score against the variation of clusters 

number. It clearly shows the BIC value increase drastically from one to two. After that, the BIC 

value increases a little at cluster number 3, and then shows a decreasing trend. The scree plot 

indicates reconstruction error decreases sharply when clusters number reach up to 2. The 

reconstruction error deduction rate becomes smaller when the cluster number is large than 2. 

Therefore, it infers the most likely phase cluster number is 2 or 3. Considering the flexibility and 

robustness of NMF analysis, the phase clustering results are first visualized with cluster number 
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3, because it exhibits lower reconstruction error and the largest BIC score. Fig. 2.12(A-C) shows 

NMF analysis with 3 clusters by referring to the largest BIC score. It can be seen the phase 

pattern H2 of the precipitate phase is distinguished from the background matrix phase. The phase 

pattern H3  exhibits a little difference with H1 with more additional diffraction plane dots. The 

corresponding phase weights W1 and W3 highlight different regions of the matrix phase. 

However, H1 and H3 FFT patterns can be easily recognized as the same phase since the 

orientations and plane dots around the central region. There are additional plane dots on the outer 

fringe of H3 FFT pattern. This may result from the variations of sample surface finish and 

imaging setup factors. When the phase clusters number was postulated as 2 by referring the sharp 

bend point at 2 in the scree plot, the corresponding phase color maps also show clear phase 

boundaries (Fig. 2.12(D, E)). Phase pattern H1 highlights the matrix phase and the pattern H2 

highlights the precipitate phase. It can be seen either with three clusters or two clusters, the color 

maps in real space showing ideal separation of precipitate and matrix phase. The use of NMF 

analysis and visualization is not too sensitive to the number of clusters defined. It can be 

decomposed into the main constituent phases with FFT diffraction patterns and visual phase 

color maps.  

In addition, it is noted that the pixel values of phase pattern and phase weight maps are 

always positive in the color bar. The phase weight indicates the confidence of the presence of 

FFT phase pattern. The higher weight value means the higher confidence for that phase atom 

structure presented. Such a method separates the data into a combination of well-defined 

component (phase FFT pattern) with clear phase maps that has an intensity weight component, 

providing insight into the spatial distribution of the alignment of the atoms. It is a quantitative, 

interpretable result where the final components or endmembers are non-negative, and all  
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Figure 2.12 Phase clustering and quantification steps. (A-C) NMF analysis for phase clustering 
with three clusters. Phase pattern represents different atomic arrangement structures of phase. 
Phase weight represents probability confidence to indicate the spatial visualization of different 
phases in color maps. (D-E) NMF analysis for phase clustering with two clusters. (F) Optimal 
phase number k determined with BIC score and Scree plot. (G) The scale bar of raw HRTEM 
image is recognized and the statistical information of phases are automatically quantified. 
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respective weights adding up to 1. As a comparison, the other popular unsupervised clustering 

methods like non-interpretable PCA analysis and k-means hard clustering are performed to 

shows the flexibility and effectiveness of NMF-based analysis (Figs. 2.(14-15) in Discussions) to 

perform HRTEM image segmentation and quantification. 

The phase segmentation and quantification results are shown in Fig. 2.12G. Specifically, 

OCR engine and digital image processing algorithms are used to recognize the scale bar and 

scale unit at the bottom of the raw image. It identifies the ruler bar is 577 px and corresponding 

to 10 nm. Then, color phase maps are segregated with Otsu’s method. The statistical information 

of phase like area, fraction, major axis, minor axis and centroid of the phase can be quantified 

immediately.  

2.7 Practical Validation on Complex Image Morphologies and Structures 

Having illustrated that the workflow, the framework is then applied to more difficult tasks 

with more complex image morphologies and structures to demonstrate the generalizability of the 

method. HRTEM image of material usually does not only include multiple numbers of 

precipitates, but different phases or precipitate variants present. For example, HRTEM image in 

Fig. 2.13A is taken from AM IN718 under solid solution 1020 oC/0.25 h and aging 720 oC/24 h. 

Multiple γ″ precipitates grow inside of the γ matrix phase. Fig. 2.13A(v) shows a sharp increase 

in BIC score and exhibits the largest value when it is up to cluster number 2. The scree plot 

presents a larger decrement “elbow” shape when the cluster number increases to 2. Therefore, 

the phase number is more likely to be 2. The phase clustering analysis for phase pattern and 

pattern weight is visualized in Fig. 2.13A(i-iv). The multiple γ″ precipitates are highlighted with 

yellow color and distinguished from the γ matrix. Since the smaller difference in BIC score 

between clusters number 2 and 3, the speculation of phase number 3 can also identify and 
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segment the multiple precipitates (Fig. A1). Finally, the phase quantification is performed with 

nanoscale level, as shown in Fig. 2.13A(vi). The quantified statistical metrics for each precipitate 

are listed in Table 2.1. Each precipitate is indexed as ID number in the order from top to bottom 

and left to right. The orientation of precipitate is defined as the angle between major axis of 

precipitate and the horizontal axis in the range of -90o ~ 90o. The origin coordinate (0, 0) is at the 

left top corner of image. The statistical information of major/minor axis length, area, fraction, 

orientation, centroid and central distance is automatically measured. Except for some precipitates 

on the image boundary with an incomplete shape, the precipitates in the image are generally 

aligned about -20o. The major and minor axes length of typical precipitate ID3 is 54 and 12 nm 

in an oval shape. The total precipitate area in this image is 903 nm2 with a fraction 0.18 in the 

image. In addition, the nearest precipitate indexes are also indexed in Table 2.1. The average 

distance of precipitates is 34.52 nm, excluding incomplete precipitates in the image boundary. 

Fig. 2.13B shows the image of AM IN718 under different heat-treatment parameters: direct 

aging 720 oC/24 h. It presents a more complex structure, not only multiple precipitates but 

precipitate variants grown in nearly perpendicular directions. Similarly, the BIC score and scree 

plot in Fig. A2(A) estimates raw image is more likely with three phases. The phase patterns with 

three cluster numbers show a multiple of γ″ precipitate variants are in γ matrix phase (Fig. 

2.13B(iv-vi)). A clear phase visualization of phase color maps is presented in Appendix (Fig. 

A3). The automatic precipitate phase quantification shows one variant makes up of about 0.1 

fractions of the raw image, with an area 525.55 nm2. These precipitates are oriented at about 35o. 

The other precipitate variant is in an almost perpendicular direction -55o and constitutes of 0.16 

fraction of the image with an area 819.23 nm2.  
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Figure 2.13 Applications on complicated images with different heat-treatments parameters and 
alloy system. (A) HRTEM image of AM IN718 under heat-treated 1020 oC/0.25 h + aging 720 
oC/24 h. The scale bar at the bottom is identified. (i-iv) Phase clustering with two clusters to 
present phase FFT pattern and color map. The inset shows the respective phase atomic alignment 
structures. (v) The automatic determination of phase numbers with BIC score and Scree plot. (vi) 
The statistical information of precipitate phase is quantified. (B) HRTEM image of AM IN718 
under direct aging 720 oC/24 h. (i-vi) Phase clustering and visualization with three cluster 
numbers. The inset shows the respective phase atomic structure. The precipitate variants and 
their statistical information are quantified. (C) HRTEM image of NiTiHf alloy. (i-vi) Phase 
clustering and visualization with three clusters to present different phase FFT pattern and color 
map. The inset shows the atomic structure alignment of martensite twins and precipitate. The 
visualization of different phases in color maps and their automatic quantification. 
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Aside from the effectiveness verification on AM IN718, the developed framework is also 

applied on the image of new alloy systems. Fig. 2.13C presents the HRTEM image of vacuum 

melted (VM) Ni-Ti-Hf alloy. It shows one Ni3Ti precipitate grows inside martensite twins. The 

Martensite twins show distortion bands that can affect the generated FFT pattern. Fig. A2(B) 

shows the maximum BIC score and elbow shape of scree plot at cluster number 3 or 4. The 

phase clustering with 4 cluster numbers is firstly visualized in Fig. A4. The FFT pattern H1 and 

H4 are likely the same phases. The blurring and slight rotation of H4 relative with H1 results from 

the distortion bands, as shown in the raw image. The phase clustering and segmentation with 3 

cluster numbers for phase pattern and maps visualization are shown in Fig. 2.13C(i-vi). The 

image scale bar at the bottom of image is measured automatically as 376 px for 10 nm. The 

phase color maps can clearly detect the martensite twins are with a width of 23 nm and 11 nm on 

average and are orientated at about -40o. In addition, the precipitate in the image is with major 

and minor axis lengths 57 and 19 nm. It occupies a 0.25 fraction of the image with an area of 

761.70 nm2. The more dimensional statistical information of these phases is listed in Table 2.1. 

2.8 Discussions 

More assessments of our method on different image phase morphologies and image 

magnification levels are performed. In total, we have tested the developed framework on over 

one hundred HRTEM images to prove the effectiveness of the method. These images are taken 

from different materials, processing parameters, image size, and magnification level, to increase 

the image diversity. The image consists of multiple crystal structures, orientation, and phase 

morphologies such as precipitates, dislocation, martensite twins, and amorphous structures.  
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Table 2.1 The quantification results of individual precipitate with the information on major axis, 
minor axis length, area, orientation, centroid, and interparticle distance. 

Image Precipitate 

ID. 

Major 

axis 

(nm) 

Minor 

axis 

(nm) 

Area 

(nm2) 

Orientation 

(o) 

Centroid 

(nm) 

Nearest 

neighbor 

Distance 

(nm) 

Fig. 
2.13A 

ID. 1 7.66 4.19 23.62 -86.61 (1.85, 3.69) ID. 3 37.68 

 ID. 2 13.36 8.84 86.97 -34.15 (4.97, 55.83) ID. 3 31.67 
 ID. 3 53.88 12.20 513.39 -18.24 (26.26, 32.39) ID. 4 30.76 
 ID. 4 20.06 8.36 127.46 -16.12 (44.05, 7.30) ID. 3 30.76 
 ID. 5 22.35 8.73 145.58 -19.86 (51.17, 65.87) ID. 3 41.73 

Fig. 
2.13B 

ID. 1 3.06 0.85 1.87 90 (0.46, 10.45) ID. 2 3.95 

 ID. 2 8.18 3.04 17.59 36.22 (2.85, 13.59) ID. 1 3.95 
 ID. 3 29.61 10.13 232.36 35.23 (20.20, 52.27) ID. 1* 21.31 
 ID. 4 13.01 7.20 71.57 -1.27 (24.41, 23.27) ID. 3* 13.37 
 ID. 5 17.60 5.16 64.10 28.08 (39.42, 4.17) ID. 5* 10.84 
 ID. 6 15.56 11.61 138.07 51.09 (61.26, 50.07) ID. 8* 17.18 
 ID. 1* 14.91 7.73 78.94 -60.90 (3.91, 66.01) ID. 3 21.31 
 ID. 2* 13.10 6.78 66.05 -50.31 (8.69, 33.02) ID. 4 18.50 
 ID. 3* 27.70 7.48 138.54 -67.02 (37.20, 27.18) ID. 4 13.37 
 ID. 4* 27.84 9.61 203.31 -71.02 (41.83, 58.74) ID. 6 21.28 
 ID. 5* 8.74 4.36 28.93 -55.57 (49.97, 6.66) ID. 5 10.84 
 ID. 6* 15.98 10.07 124.18 -52.26 (53.48, 22.19) ID. 5* 15.92 
 ID. 7* 13.22 7.46 71.55 -9.80 (64.09, 3.24) ID. 5* 14.53 
 ID. 8* 18.69 7.69 107.73 -84.16 (67.88, 34.22) ID. 6 17.18 

Fig. 
2.13C 

Twin 1 ID. 
1 

75.75 29.78 1085.68 -31.98 (24.56, 36.44) / / 

 ID. 2 13.54 7.86 69.05 -35.92 (4.36,50.94) / / 
 ID. 3 40.67 15.73 474.04 -40.89 (41.40,12.57) / / 
 Twin 2 ID. 

1* 
5.39 4.09 16.36 -28.43 (2.57, 1.97) / / 

 ID. 2* 30.89 11.32 250.98 -42.58 (9.75, 45.40) / / 
 ID. 3* 31.01 10.87 250.93 -45.16 (44.87, 29.22) / / 
 ID. 4* 19.29 10.39 137.65 -23.31 (47.83, 4.68) / / 
 Precipitate 

ID. 1 
56.77 18.77 763.08 -64.41 (22.16, 21.24) / / 

 
 

2.8.1 FFT-based Image Processing Automates TEM Image Analysis 

One of the reasons for the successful application is credited for the work of the FFT-based 

feature engineering approach. The obtained FFT image patterns are processed with feature 

extraction approaches such as Hann windowing and background de-noising to get a clean FFT 

pattern. In addition, the acquisition of explainable FFT patterns and phase color maps from the 

raw image is automated with FFT-based unsupervised clustering; that is, the diffraction pattern 
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accompanied with each phase visualization can be used for crystallographic analysis and 

statistical information quantification. In the current work, the developed unsupervised clustering 

coupled with computer vision quantification approaches identifies the main phase pattern 

features from scratch with little human knowledge. The methods are general ways to HRTEM 

images of different materials and processing conditions for phase feature extraction and 

automated quantification. It was also instrumental in identifying the uncharted new phase. For 

example, Ni4Ti3 precipitates are well known in Ni-rich Ni-Ti-Hf alloys; a new phase referred to 

“H-phase” was recently discovered [53][54]. Our developed framework can speed up new phase 

discovery and phase microstructures engineering processes, leading to alloy strengthening and 

excellent shape memory effects. We anticipate it will lead to innovative alloy design strategies 

and help reduce the workloads of material scientists.  

2.8.2 NMF-based Phase Clustering Performs Better than Other Clustering Methods 

Clustering is a powerful machine learning tool for detecting structure in datasets. It has been 

shown that the unsupervised-based approach enables the automation classification and 

quantification of raw atomically resolved HRTEM image with no prior information about phase 

numbers, phase structural and functional peculiarities. In contrast, we also showed the 

effectiveness and flexibility of NMF-based clustering against other clustering methods such as 

the popular PCA analysis and k-means clustering, as shown in Fig. 2(14-15). 

The method of NMF analysis can automatically extract sparse and meaningful basic FFT 

patterns from the clean FFT stack. The FFT image patterns obtained from a HRTEM image can 

be explained with factorized phase patterns H. Each FFT image pattern Ii can be expressed as Ii = 

wiHi, and the weights must sum to 1. The cluster number represents the different phases of atom 
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arrangement structures. The factorized H matrix presents the basic phase FFT patterns and the 

weight matrix reflects the phase color maps.  

The other way for clustering and visualization of high dimensional image data is 

multivariate statistical methods, such as PCA or SVD analysis [30]. PCA is used to gauge the 

trends and spatial variations in a high-dimensional data distribution, but it suffers interpretability 

with the increase of eigenvectors and their loading maps. The output of PCA eigenvectors leads 

to the visualization of FFT patterns, and the transformed loading maps correspond to phase color 

maps. As a demonstration, the PCA-based phase analysis for the image in Fig. 2.3 is shown in 

Fig. 2.14. Although PCA is useful in visualizing the precipitate phase in PCA loadings 1, with 

the increase of principal eigenvectors, the interpretation and understanding of the principal 

loadings would be more difficult. Because there is no positive constraint during matrix 

decomposition, the color bar on the right show both eigenvector and loading maps consist of 

negative and positive values. For example, FFT pattern visualization with PCA eigenvectors 1-3 

is not explainable, and the dots are either in positive or negative values and mixed up together. 

The loading maps 2 and 3 cannot also distinguish two phases in the color maps.  

k-means method is another popular method for unsupervised clustering. The output of the 

algorithm is typically a label for each FFT image pattern. However, k-means is a hard clustering 

approach, where while grouping the data; each data is only assigned to one cluster. In addition, 

the FFT phase patterns are also not given explicitly and need the additional program to visualize 

the cluster center or average. For example, light conditions and contrast are not homogenous 

across the matrix phase in Fig. 2.3, the k-means method for clustering and visualization with 

three clusters is easy to mess the phase color maps (Fig. 2.15). In contrast, NMF analysis exhibits 

more flexibility; no matter two or three cluster numbers are assigned, it can distinguish different 
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phases clearly and give the interpretation of FFT phase patterns. NMF can do soft clustering, 

which is more suitable for HRTEM image phase clustering. Each image region consists of a sum 

of several endmembers (phase patterns); the weight of endmembers indicates the confidence 

levels. Especially for the complex image with multiple precipitates or phases present where the 

phase distribution is more randomly scattered, NMF-based analysis has advantages.  

 

 

Figure 2.14 PCA analysis for HRTEM image of Fig. 2.3(A) with eigenvectors and transformed 
loading visualization for first three principal components. 



 
 

44 

 

 

Figure 2.15 K-means clustering for HRTEM image of Fig. 2.3 with (A) two and (B) three cluster 
numbers. 

2.8.3 Automated Knowledge Extraction for Process – Structure – Property Linkage 

The materials often experience a sequence of complex solidification, recrystallization and 

thermal cycles during manufacturing and heat-treatments process. The related process 

parameters influence the phase transformation and microstructure evolution and eventually affect 

their macroscopic functional properties. The establishment of process – structure – property 

(PSP) relationships have been the cornerstone of alloy design and development [55][56]. The 

modern HRTEM technique enables atomically resolved imaging of multiple structural phases, in 

order to examine the structure – process and structure – property relationships. Such imaging 

capabilities call for the development of an automated method for rapid extraction and 

identification of different atomic structures and their spatial distribution. Traditional approaches 

to analyzing nano-scale phase structures and statistical distributions relying heavily on human 

labeling and measurement. Quantitative analysis of images is difficult and typically requires 
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manually labeling and measuring phase features, such as size, interparticle distance and phase 

fraction. This process is slow, labor-intensive and suffers poor repeatability.  

The developed framework automates the acquisition of explainable phase statistical 

information from unannotated HRTEM image. For example, in order to establish the knowledge 

of PSP relationships to engineer a better heat-treatments plan for AM IN718, we had taken over 

one month to extract statistical information of size and interparticle distance of precipitate γ′, γ″, 

δ and Laves phase from over one-hundred HRTEM images [14]. With our developed method, it 

is anticipated that we can complete this arduous quantification work in one or two days. In 

addition, more completed statistical information like phase area, fraction, centroid and 

orientation of phase can be identified that is often hard to obtain.  

2.9 Conclusions 

In this chapter, we have achieved an automated acquisition of explainable phase features 

from raw HRTEM images with high efficiency and accuracy. Since the developed framework is 

essential with an unsupervised clustering, the methods do not rely on extensive and well-labeled 

image data for training; the possible number of phases, the unique crystallographic phase FFT 

patterns and phase color maps are identified with little prior knowledge input. In such a way, the 

methods will be more general and applicable to various materials systems. The automatic phase 

segmentation and quantification will lay the foundation for exploring the process-structure-

property relationships in materials design and development. 

Human and computer analyses have different roles in materials design. A computer-based 

system can perform extensive image data analysis and reduce the oversights of humans; 

materials experts focus on innovative architectural design and tailor it to task-specific application 

problems. A popular refrain in the materials community is that “ML or AI will not replace 
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scientists, but scientists who take advantage of them will replace those who do not” [57]. This 

suggests that an AI-based automated system can make scientists more effective and enable them 

to do more exciting and impactful work.  
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CHAPTER 3 

PHYSICS-INFORMED MACHINE LEARNING FOR COMPOSITION – PROCESS – 

PROPERTY DESIGN: SHAPE MEMORY ALLOY DEMONSTRATION 

Reproduced from published paper, Applied Materials Today, 22: 100898, Sen Liu*1, Branden B. 

Kappes1,2, Behnam Amin-ahmadi1, Othmane Benafan3, Xiaoli Zhang†1, Aaron P. Stebner‡1,4 

3.1 Abstract 

Machine learning (ML) is shown to predict new alloys and their performances in a high 

dimensional, multiple-target-property design space that considers chemistry, multi-step 

processing routes, and characterization methodology variations. A physics-informed featured 

engineering approach is shown to enable otherwise poorly performing ML models to perform 

well with the same data. Specifically, previously engineered elemental features based on alloy 

chemistries are combined with newly engineered heat treatment process features. The new 

features result from first transforming the heat treatment parameter data as it was previously 

recorded using nonlinear mathematical relationships known to describe the thermodynamics and 

kinetics of phase transformations in alloys. The ability of the ML model to be used for predictive 

design is validated using blind predictions. Composition - process - property relationships for 

thermal hysteresis of shape memory alloys (SMAs) with complex microstructures created via 

multiple melting-homogenization-solutionization-precipitation processing stage variations are 

captured, in addition to the mean transformation temperatures of the SMAs. The quantitative 
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models of hysteresis exhibited by such highly processed alloys demonstrate the ability for ML 

models to design for physical complexities that have challenged physics-based modeling 

approaches for decades. 

3.2 Introduction 

3.2.1 State of the Art of Data Driven Alloy Design 

Predictive design of the process-structure-property-performance (PSPP) materials paradigm 

[1] is time-consuming for alloys due to the high-dimensional design space and governing physics 

that span length scales from 10-10–100 m, the length scale of atomic bonds to metallic 

components, and time scales of 10-14–107 s, the time scale of atomic vibrations to aging and 

corrosion. Decades of global research and development initiatives such as Integrated 

Computational Materials Engineering (ICME) [2][3] and the Materials Genome Initiative (MGI) 

[4] have demonstrated the ability for both physics-based and data-driven computations to 

accelerate the discovery and deployment of new alloys. It has been established that machine 

learning (ML) can model PSPP relationships of alloys [5][6]. Of equal or greater impact, ML can 

greatly reduce the number of physics-based experiments and calculations needed to discover and 

design optimized, new materials [7][8][9]. This work builds upon these developments to 

accelerate multi-objective performance design for alloys. 

The formulation of effective data descriptors, or “feature engineering,” has emerged as a 

critical data pre-processing step to improve ML model performance in the field of Materials 

Informatics. Most such studies have focused on formulating chemical element descriptors to 

mine large numbers of data curated from high-throughput physics-based calculations [7][9]. For 

example, density functional theory (DFT) calculations have been used to populate large, 

organized, and indexed materials databases such as AFLOW [10], OQMD [11], and 
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materialsproject.org [12], which are then mined to build ML models capable of predicting the 

properties of new single phase materials. The development of data descriptors has been the key 

to data-driven models to predict the glass-forming ability of metallic glasses [13], band gap 

energies of thermoelectrics [14], formation enthalpies of semiconductors [15], properties of 

inorganic crystals [16], critical temperatures of superconductors [17][18], and the structures and 

band gaps of both Heusler compounds [19][20] and perovskites [21]. Recently, the formulation 

and integration of new thermodynamic descriptors that consider both entropy and enthalpy, such 

as the “entropy density of states,” has led to breakthroughs in the discovery of ultra-high 

temperature ceramics [22]. In addition to DFT databases, these efforts also incorporate large 

amounts of inexpensive thermodynamic calculations made using CALculation of PHAse 

Diagrams (CALPHAD) approaches. While these methodologies demonstrate the promise of 

data-driven ML for materials design, hundreds-of-thousands of predictably formatted data points 

were available to mine and the cost to generate new data (i.e., run additional calculations) to fill 

out the missing design space and verify predictions was low. Furthermore, these predictions are 

of perfect single phase materials, and so they ignore the impact of process variations and 

microstructure on the performances of the materials. 

A vast frontier of discovery and development remains largely unexplored in moving beyond 

ML-informed discovery and development of single-phase materials using computational 

materials databases. Alloys are one material class where this is especially true. Most engineering 

alloys are composed of three or more elements, with the most prolific engineering alloy class, 

steels, often having 8 or more critical alloying additions and impurities dictating their behaviors 

[23]. In the best documented ICME examples of such materials (e.g., [24]), the calculations of 

composition and thermomechanical post-processing effects of the processing are still manual, 
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hierarchical, and bespoke. Today, DFT calculations of ternary alloys and compounds are limited 

to tractable calculations in terms of model size and computation time; a calculation of a steel 

considering all its constituent elements is still a decade or more away from being routine. 

Furthermore, many alloys behave poorly without thermomechanical post-processing to create 

complex, multi-phase microstructures. The integration of ML with data to automatically search 

across a broad PSPP alloy design space is still to be attained.  

Use of experimental databases for ML is equally challenging. Repositories of materials data 

often struggle to accommodate the experiment-to-experiment variations in data structures, 

ontologies, and methodologies, and as a result, the number of data points for any one 

composition is usually very limited – on the order of ones to tens. It often takes decades to curate 

even hundreds of data points on process-property variations of a single alloy family, an 

investment afforded to only a handful of the most promising candidates of a given alloy class, 

but even then the amount of data from physical experiments is often insufficient to train the ML 

algorithms necessary to model complex, nonlinear, multidimensional PSPP relationships. 

One of the most recent advancements in using ML for alloy design came from an innovation 

in physics-informed feature engineering.  Specifically, Martin et al. developed quantitative 

search metrics based on known physics of desired crystallographic relationships between two 

phases (one ceramic, one alloy) to identify phase pairs that would eliminate cracking exhibited 

by coarse-grained materials during metals additive manufacturing [25]. This physics-informed, 

ML-driven data mining methodology was applied to records in crystallographic databases that 

have been curated for decades and contain thousands of records, and millions of potential phase 

pairs. Hence, the ML greatly accelerated the search process for candidate phases and ensured that 

all phase pairs of known crystalline phases were considered. Once candidate pairs were 



 
 

54 

 

identified, however, the connection to processing was developed through traditional (that is, 

manual) materials engineering. Hence, the ML was used to automate searches within the 

“structure” space of the process-structure-property paradigm, but the process-property 

breakthroughs were then attained without further ML guidance. 

Inspired by these previous breakthroughs, we have developed a physics-informed feature 

engineering approach to enable ML to model multi-objective composition-process-property 

(CPP) relationships using a limited number of experimental data points (several hundred). 

Specifically, we show that by using feature engineering practices established by the DFT 

community to model alloy chemistries, together with a new approach that uses physical models 

of phase transformations to transform thermomechanical post-processing data, ML can work 

better for alloy design. We demonstrate the ML framework by verifying its ability to predict new 

shape memory alloy CPP combinations and verify these experimentally.  

3.2.2 State of the Art of Shape Memory Alloy Design 

Shape memory alloys (SMAs) provide a challenging test case for developing ML based upon 

physical experiments, largely because physics-based computational methods are still incomplete 

in their ability to predict shape memory performances from stoichiometry and processing 

[26][27]. Physical experiment trial-and-error approaches still largely drive the development of 

SMAs [28][29][30]. Furthermore, many SMAs do not exhibit shape memory behaviors at all 

unless they are thermomechanically post-processed with very specific treatments. The shape 

memory performances of SMAs used in commercial applications today cannot be predicted from 

chemistry alone. In fact, NiTi, the most prolific SMA to date, exhibits poor shape memory 

properties without proper thermomechanical post-processing [31][32].  
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In this work, we focus specifically on thermoelastic SMAs; alloys that recover their shape in 

response to thermal or mechanical load changes via a reversible martensitic (first-order, 

diffusionless) phase transformation between high temperature, high symmetry austenite phases 

and low temperature, low-symmetry martensite phases [31]. Established chemistry-based 

approaches to tune transformation temperatures (TTs) of SMAs for high and low temperature 

applications is to alter stoichiometries or introduce new alloying elements; for example, within 

the range of 50 to 52 at.% Ni in NiTi, 0.1 at.% change in Ni changes transformation temperatures 

by 20 K [33], while  Co, Cr, V, Fe, and Mn can be added to NiTi to lower the TTs [34]. Hf, Pd, 

Pt, Zr and Au increase transformation temperature [35]. In addition to chemistry, post-processing 

such as mechanical work and heat treatments may also be used to engineer TTs [31][32].  

Hysteresis defines the differences between forward (austenite-to-martensite) and reverse 

(martensite-to-austenite) transformation temperatures, which drives the thermodynamic 

efficiency of SMA performances; high hysteresis leads to more efficient dampers, while low 

hysteresis leads to more efficient actuators. Hysteresis can be tuned with chemistry and 

thermomechanical processing. In the absence of defects or secondary phases, altering the 

chemistry to tune the lattice parameters of the austenite and martensite phases such that they can 

share an undistorted phase boundary reduces the hysteresis [30][36][37]. However, SMAs with 

low hysteresis and high fatigue lives have also been developed using secondary phases and 

defects that include precipitates, inclusions, dislocations, and disorder, demonstrating the 

limitations of our current understanding and models for hysteresis engineering for SMAs 

[29][38][39][40][41]. It is the lack of holistic physical models for engineering hysteresis of 

SMAs with multiphase microstructures and/or multi-step thermomechanical processing routes 

that further motivates the desire to use ML as a modeling tool.  Humans have strived to develop 
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a comprehensive understanding sufficient to formulate accurate physical models for more than 

70 years now.  

The first ML efforts for SMA design have largely ignored secondary phases and processing. 

They have mostly focused only on composition to describe the TT value relationships of perfect, 

single-phase materials [8][42]. Although single-phase SMAs have received much attention in 

academia, they have not found commercial success as they are usually limited in their ability to 

sustain multiple cycles without degradation of their functional performance. One recent work 

broke through this barrier and demonstrated an ability to use a combination of micromechanical 

structure-property simulations with ML to capture the effects of Ni4Ti3 precipitates within 

commercially successful NiTi bulk materials, including modest hysteresis variations of 

approximately ± 8 C, within a highly constrained design space of 50.2 < Ni at.% < 51.2 and 0 to 

10 vol.% precipitates [43]. While binary NiTi alloys within this chemistry range are used by 

industry, they are rarely used without first being heavily cold-worked, as precipitation alone does 

not provide adequate strength for cyclic applications, even with a 20–30% precipitate phase 

fraction [31][32]. Furthermore, while this work demonstrated a clear Materials Informatics 

advancement relative to the previous state of the art, structure-property models cannot directly 

inform processing. An infinite number of heat treatments can result in 0–10 vol.% precipitates, 

and not all, nor even most, will perform exactly as simulations predict. The design spaces of 

commercially viable NiTi-based alloys allow hysteresis variations of 100 C or more, hysteresis 

variations across multiple alloy/precipitate types, or precipitate volume fractions in excess of 

10% (which are most common in commercial applications and demonstrations). Thus, further 

innovation is needed to create CPP models sufficient to directly inform a manufacturer in the 
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ways and means to make an alloy that is expected to hit a set of new/desired performance 

metrics; a model that uses ML, physics, or both. 

In recent years, NiTiHf alloys have emerged from the decades-long development of more 

than 1290 known NiTi-based ternary, quaternary, and quinary SMA compositions [44] as one of 

the most promising classes of next-generation SMAs. What makes them exceptional is their 

ability to be strengthened sufficiently to exhibit repeatable functional performances using only 

thermal post-processing treatments, without mechanical cold work. For this reason, they also 

make a desirable system advancing ML methods for PSPP alloy design based on physical 

experiments – mechanical work is not needed to attain application-worthy functional 

performances, hence reducing the dimension of the process design space that needs to be 

considered to attain a functional material. However, while single-step heat treatments may be 

sufficient to evoke shape memory behaviors from alloys containing high (15 – 30 at.%) 

concentrations of Hf [35][45], we have found that multi-step aging treatments are more effective 

for compositions containing moderate (3 – 15 at.%) amounts of Hf [46][47][48]. Therefore, there 

is a need to consider a multi-stage heat treatment design space together with chemistry and 

synthesis method.  

Just over 200 NiTiHf alloy chemistries have been reported upon to-date including those 

presented in this work, mostly in compositions with high amounts of Hf [44]. Hence, this class of 

SMAs has been moderately developed to an extent that it is feasible to consider a data-driven 

approach to their design. And yet, there are still vast expanses of relatively unexplored design 

space, leaving plenty of opportunity for new discoveries. Specifically, NiTiHf alloys with a mean 

transformation temperature below 275 K and low hysteresis have not yet been developed. This 

mean transformation temperature range is consistent with the range desired for most medical 
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implants. The maximum transformation temperature typically cannot exceed 310 K and is 

usually targeted to be 275 – 295K. Then, for aeronautics, a total transformation temperature 

range between ~ 215 K to 275 K would enable an aircraft structure to morph autonomously—

that is, without an electrical control system—in the transition from takeoff/landing, where 

temperatures are usually above 275 K, to cruising at altitudes of 8,000 m or more, where 

temperatures are usually below 215 K [49]. For aerospace, the ability to actuate at cryogenic 

temperatures would enable autonomous applications such as heat pipes and self-tracking solar 

arrays to engage when a device is in the path of the sun (e.g., 400 K on the “bright” side of the 

moon) and disengage in the shadow of a planetary body (e.g., 40K on the “dark” side of the 

moon) [50][51]. Binary NiTi alloys, the most developed to date, can attain mean TTs within this 

range, but not the required hysteresis – mean TT combination [43]. Hence, the desire to discover 

new low-hysteresis NiTiHf alloys with low TTs motivates the validation design targets in this 

work. 

3.3 Experimental Methodology 

In our lab, we have been developing NiTiHf alloys for biomedical applications since 2016, 

many of which have yet to be published. We used twenty-six of these previously unpublished 

NiTiHf SMA datasets to augment a database of 528 binary NiTi and ternary NiTiHf datasets 

collected from literature. These datasets are summarized in Table B.1. Additionally, previously 

unpublished validation datasets of two types have been generated: 1. the four vacuum induction 

melted alloy datasets highlighted in orange at the top of Table B.2 were generated within the 

same time period as the aforementioned 26, but these 4 were withheld from the training and 

testing database; 2. five new alloys were predicted using the trained and tested ML model (see 

Section 3.6 for design methodology) – their datasets are highlighted in red in rows 5- 9 of Table 
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B.2. One of the alloys was then selected to study the sensitivity of the ML predictions to 

variations of heat treatment schedules; these variations appear in rows 10 – 12 of Table B.2. 

These new datasets were generated from vacuum induction melting (VIM) or vacuum arc 

melting (VAM) ingots from high-purity elemental constituents according to previously 

documented practices (VIM: [46][47], VAM: [52]). The raw ingots were then homogenized in a 

vacuum furnace at 1323 K (1050 oC) for 24 h and 72 h (for VAM and VIM, respectively), then 

water quenched (WQ). Specimens for differential scanning calorimetry (DSC) measurements 

were cut from ingot and then solution treated at 1323 K for 0.5 h in an evacuated quartz tube, 

followed by water quenching (i.e., “Sol”). Pre-aging heat treatments of 573 K (300 oC) for 12 h, 

followed by air cooling (AC), and aging treatments of different temperatures and times were 

used. Some samples were not processed with pre-aging and directly subjected to final aging 

(denotes Sol + Aging). During pre-aging and aging heat treatments, the specimens were wrapped 

with tantalum foils to inhibit oxidation. DSC was performed according to ASTM F2004-17 [53] 

using a TA Instruments Q100 V9.9 with heating and cooling rates of 10 K/min and temperature 

range between 123 K (-150 °C) and 423 K (150 °C) for three cycles. The third cycle was used to 

measure the transformation temperatures reported in this work. The transformation temperatures 

were determined with tangent intersection method as shown in Fig. A5. 

3.4 Formulation of the Machine Learning Models 

3.4.1 Assessment of the Database for Machine Learning Suitability 

The process-property training and testing database of NiTi and NiTiHf SMAs used in this 

work consists of 554 data points collected from 528 previously published and 26 previously 

unpublished (Table B.1) datasets. The database used in this work, including citations linked to 

the original data sources, is publicly available at citrination.com [54]. Each dataset within the 
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database consists of the 48 scalar inputs indicated in Table 3.1. We derived two calculated 

outputs from the transformation temperatures of the alloys. Specifically, for each dataset, the 

martensite finish (𝑀𝑓) (lowest) and austenite finish (𝐴𝑓) (highest) transformation temperatures 

were used to calculate thermal hysteresis using the definition of the total transformation 

temperature range Δ𝑇, and the mean transformation temperature �̅� of the load-free, thermal 

martensitic transformation according to (also see Fig. A5): Δ𝑇 = 𝐴𝑓 − 𝑀𝑓 and (3.1) �̅� = (𝐴𝑓 + 𝑀𝑓) 2⁄ . (3.2) 

Note that here, we have chosen to study/model the total transformation temperature range as Δ𝑇 as opposed to the DSC endothermic-to-exothermic peak or midpoint-to-midpoint hysteresis 

definitions, as are often used (e.g., [8][29][30][43]). This choice was made to construct a model 

that best informs practical uses of SMAs, such as those briefly summarized in Section 1.2, which 

are limited by the total transformation temperature range, not intermediate differences. While the 

majority of the transformation temperatures were assessed using DSC data according to ASTM 

F2004-17 [53], without an applied external stress, in a few cases other methods, such as constant 

force thermal cycling [55], were used, which can lead to interpretation differences of 

transformation temperature properties [53][56][57]. These characterization variations are 

categorized within the database, with the applied stress being assigned a categorical type 

(1 = tension, 2 = compression, and 3 = zero force) and the stress magnitude (inputs 47–48 of 

Table 3.1). 

The Ni composition of the alloys within the database ranges from 48.5 to 51.5 at.% while 

the Hf content ranges from 0 to 30 at.%, as shown in Fig. 3.1(A, B). The distributions of �̅� and Δ𝑇 are shown with respect to Ni vs. Hf content variations in Fig. 3.1(B, E) and Hf content vs.  
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Table 3.1 The input features generated for each dataset through physics-informed feature 
engineering approaches. 

Feature 

category 
Feature 

symbol 

Feature description Feature 

category 
Feature 

symbol 

Feature description 

 

 

 

 

 

Elemental 

properties 

Z 1. Atomic number  

 

 

 

 

 

 

 

 

qf 25. Average of energy levels 
for f orbitals 

Gro. 2. Periodic table column nf  26. Average of valence 
electrons from f orbitals 

Row. 3. Periodic table row 𝑛𝑠̅̅ ̅ 27. Average of s unfilled 
electrons in s orbitals 

Ma 4. Relative atomic mass 𝑛𝑝̅̅ ̅ 28. Average of p unfilled 
electrons in p orbitals 

MN  5. Mendeleev number 𝑛𝑑̅̅̅̅  29. Average of d unfilled 
electrons in d orbitals 

rcal 
 6. Calculated atomic 

radius 
𝑛𝑓̅̅ ̅ 30. Average of f unfilled 

electrons in f orbitals 

rcov 7. Covalent radius Compositions 
 

[Ni] 31. Nickel (atomic %) 

 

 

Reactivities 

e  8. Valence [Ti] 32. Titanium (atomic %) 
Eea 9. Electron affinity [Hf] 33. Hafnium (atomic %) 

Ei 10. Ionization energy  

 

 

 

 

 

 

 

 

 

 

Processes 

variables 

 

 

 

 

 

 

Syn. 34. Synthesis ways (Syn.) 
χ 11. Electronegativity 

Pauling 
Tsol 

35. Solution temperature  

 

 

 

 

Thermal 

properties 

k 12. Thermal conductivity ϕ(Tsol) 
36. Transformed solution 
temperature  

ρ 13. Electrical conductivity tsol 37. Solution time  △Hfus 14. Heat of fusion ϕ(tsol) 
38. Transformed solution 
time  △Hvap 15. Heat of vaporization Tpre 39. Pre-aging temperature 

Tm 16. Melting point ϕ(Tpre) 
40. Transformed pre-aging 
temperature  

Tb 17. Boiling point tpre 41. Pre-aging time  

 

 

 

 

 

Electronic  
structure 

configurations 

n  18. Total valence electrons ϕ(tpre) 
42. Transformed pre-aging 
time 

qs 19. Average of energy 
levels for s orbitals 

Tage 
43. Final-aging temperature  

ns 20. Average of valence 
electrons from s orbitals 

ϕ(Tage) 
44. Transformed final-aging 
temperature  

qp 21. Average of energy 
levels for p orbitals 

tage 
45. Final-aging time  

np 22. Average of valence 
electrons from p 
orbitals 

ϕ(tage) 
46. Transformed final-aging 
time  

qd 23. Average of energy 
levels for d orbitals 

Characterization 

variables 
𝝈𝒕𝒚𝒑𝒆 47. Applied stress type 

nd 24. Average of valence 
electrons from d 
orbitals 

|𝝈| 48. Applied stress 
magnitude 

 

processing steps in Fig. 3.1(C, F), respectively. The histograms shown in Fig. 3.1(A, D) indicate 

the distributions of �̅� and Δ𝑇 for three subcategories of the database that is used in this work: 1) 

binary NiTi (Hf = 0 at.%), 2) Hf-high (Hf > 10 at.%), 3) Hf-low (0 < Hf ≤ 10 at.%) alloys. The 
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number of Hf-high alloys (369 data sets) is significantly greater than binary NiTi (132 data sets) 

and Hf-low alloys (53 data sets). Note that all 26 of the previously unpublished datasets (Table 

B.1) are categorized as Hf-low. 

Fig. 3.1(B, E) show data distributions for Ni, Hf compositions against �̅�, indicating that �̅� 

generally increases with Hf content and decreases with Ni content, as expected 

[29][33][35][44][58]. Hf-high alloys have �̅� in the range of 224–815 K, Hf-low alloys span 183–

395 K, and binary NiTi are in 166–354 K. Fig. 3.1E indicates that Δ𝑇 is scattered about 25–200 

K with respect to Ni, Hf content; hysteresis does not uniquely correlate with composition 

variations when process variations also exist within the database, as expected [29]. Fig. 3.1C 

shows the variations of �̅� as a function of Hf content and heat treatment (HT) variations. The HT 

variations are categorized as: 1. As-Melted and homogenized (As-Melted), 2. solid solution 

annealed following homogenization (Solutionized, Sol), 3. directly aged from homogenization 

(Direct Aged), 4. melted, solid solution annealed, and then aged (Sol + Aged), and 5. solid 

solution annealed, then pre-aged and finally aged (Sol + Pre-Aged + Aged). The physical reasons 

for investigating these different heat treatment strategies in processing NiTiHf alloys are well 

established, e.g. [46][47]. In examining Fig. 3.1C, it is obvious that at specific Hf content, �̅� 

values are greatly scattered due to variations of Ni content and processing. Still, across different 

Hf content values, �̅� shows a generally increasing for Hf > 10 at.%. Fig. 3.1F shows the 

analogous dependence of Δ𝑇 as a function of Hf content and HT variations. The maximum 

observed Δ𝑇 within this dataset increases with Hf content, though the means and modes of 

different Hf contents do not show such obvious variation. Furthermore, different synthesis 

methods were used, which are also known to influence transformation temperature [59][60]. 

These methods were categorized as vacuum induction melting, vacuum arc melting, and other.  
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Figure 3.1 Visualization of the database for composition – process – property relations. 

Histograms indicate the distribution of properties (A) �̅� (mean transformation temperature) and 

(D) △ 𝑇 (transformation temperature range) for three subclasses of NiTi and NiTiHf alloys 

within the database. The dependence of (B) �̅� and (E) △ 𝑇 on Ni and Hf content variations; 

larger marker sizes indicate higher property values and vice versa. The variation of (C) �̅� and (F) △ 𝑇 as a function of Hf content and processing path variations. The five process path categories 
are further described in the Section 3.3. 

Altogether, the analyses of the database given in Fig. 3.1 shows that both composition and 

the process variations significantly impact �̅� and Δ𝑇, indicating the correlation among 

composition, process and resultant �̅� and Δ𝑇 exists such that the ML model is suitable to capture 

this correlation. Furthermore, no obvious empirical model that describes the composition-

process-property relationships of NiTi and NiTiHf SMAs is evident from 3D visualizations, 

indicating that the relationship correlations are of higher order. Still, even these lower 

dimensional visualizations show a clear trend across the input vs. output design space, indicating 
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that statistical approaches are suitable to model these relationships.  Machine learning is 

therefore used as the modeling approach to describe these relationship correlations.  

3.4.2 Machine Learning Algorithm Selection and Tuning 

A regression model is required to estimate the continuously valued transformation 

temperature metrics ( �̅� and Δ𝑇) from composition and processing inputs, and so we fit the data 

using Support Vector Regression (SVR), random forest (RF), Gaussian Process Regression 

(GPR) models [61]. SVR and RF model performances were optimized using standard practices, 

including grid search and cross-validation for hyperparameter optimization. However, both the 

superior prediction accuracy of GPR and its ability to estimate not only the response, but also the 

variance in the response made this model more suitable for extrapolation near the supported 

domain; that is, estimating transformation temperature metrics just beyond the composition and 

processing space spanned by the training set. 

For GPR, the choice of covariance function captures what is known about the relationship 

between observations; that is, whether the system is periodic, decaying, etc. With no a priori 

knowledge about the relationships that exist between composition, processing and transformation 

temperature, the isotropic squared exponential covariance function was used.  

GPR differs from other ML algorithms in that, except for the choice of covariance function, 

the model hyperparameters are fit from the input data through a maximization of the log 

marginal likelihood of the model hyperparameters. Thus, the bias-variance tradeoff is made 

automatically as part of model training. Although the ability to fit the model hyperparameters 

directly from the data obviates the need for the typical model hyperparameter grid search used in 

SVR and RF, the performance of the model is not necessarily concave, or even well-behaved, in 

the space spanned by the covariance function model parameters. Therefore, GPR models must be 
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optimized by restarting the model training at different locations in the hyperparameter space. To 

address this issue, the model is restarted in decade steps from -1000 to 1000 for each of the 

isotropic squared exponential covariance function hyperparameters, 𝜃 = {𝜎𝑛2, 𝜎𝑓2, 𝑙}. Matlab 

GPML version 4.2 [62] was used to implement the GPR models. 

Cross-validation (CV) is used to guard against overfitting by estimating the out-of-sample 

error. This error was estimated from ten-fold, three-fold, and leave-one-out cross-validation [63] 

using standard performance metrics: coefficient of determination (R2), root-mean-square error 

(RMSE), mean-absolute error (MAE), and mean relative error (MRE). Ten-fold cross validation 

using RMSE as the performance metric resulted in the most accurate model. 

3.4.3 Physics-informed Feature Engineering 

A previously established feature augmentation methodology for material chemistries uses 

elemental property attributes, electronic structure attributes, crystal structure representations, and 

density functional theory (DFT) calculated formation energies to augments material 

compositions [14]. We used this established approach to generate additional inputs (1 – 30 in 

Table 3.1) based upon the physics of alloy compositions (31 – 33 in Table 3.1). Each augmented 

composition feature 𝐴𝑖 for 𝑖 = 1, … ,30 as indicated in Table 3.1 was calculated as the weighted 

fraction 𝑓𝑥 of each constituent element 𝑥 = Ni, Ti, Hf according to Eq. (3).  𝐴𝑖 =  𝐴Ni𝑓Ni + 𝐴Ti𝑓Ti + 𝐴Hf𝑓Hf (3.3) 

Values for Ax such as elemental features, electronegativity χ, melting point Tm and valence 

electrons n were taken following the same procedure and the data sources as [14]. Other augmented 

composition features—such as heat of fusion △Hfus, electron affinity Eea, ionization energy Ei, 

thermal conductivity k or valence energy levels q—were taken from [64][65][66][67]. 
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As is shown in Section 4.1, a model using only these element-based features shows high 

uncertainty for both �̅� and Δ𝑇 and poor ability to model Δ𝑇, which was not surprising 

considering that it is well established that process variations strongly impact the transformation 

temperature properties of SMAs, as previously documented for this database in Section 3.1 and 

Fig. 3.1. Hence, we incorporated the process (34-46) and characterization (47-48) data features 

in Table 3.1 into the database.  

For heat treatment features, we initially used heat treatment times and temperatures as they 

were entered in logbooks (the T and t features: 35, 37, 39, 41, 43, 45 in Table 3.1). However, as 

is also shown in Section 4.2, we found that the uncertainties of the ML predictions were still 

characterized by standard deviations of 100 K or more. Ultimately, we realized that 

mathematical functions known to model the physics of the kinetics of the solid solution and 

precipitation phase transformations that result from the heat treatments are highly nonlinear. For 

precipitation, for example, there are temperatures below which no transformation occurs, and 

temperatures above which transformation is complete. This points toward a sigmoidal 

relationship between precipitation temperature and transformation, a relationship described 

empirically by the logistic sigmoid. Thus, by applying such functions to the heat treatment times 

and temperatures (the ϕ(T) and ϕ(t) features 36, 38, 40, 42, 44, 46 in Table 3.1), ML models 

could be informed a priori of physiochemical knowledge of mathematical nonlinearities, 

allowing a relatively inexpensive machine learning regression algorithm, like GPR, to make 

more reliable predictions with limited amounts of training data, as we proceed to demonstrate. 

The functions ϕ used to transform the heat treatment (HT) times and temperatures were 

determined from known empirical models. Specifically, the JMAK (Johnson-Mehl-Avrami-
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Kolmogorov) growth kinetics model [68][69][70][71] gives the relation between the fraction of 

phase transformed material Y, relative to the time, t according to:  𝑌(𝑡; 𝑇) = 1 − 𝑒𝐾𝑡𝑛 (3.4) 

where K is a temperature-dependent growth constant and n describes the orders of the growth. 

The above function can be converted to ln(𝑙𝑛(1 − 𝑌)) = ln 𝐾 + 𝑛 ln 𝑡. Since K and n are 

constant, the phase transformed fraction can be expressed linearly as a function of ln(t). 

Therefore, ϕ(t) = ln(t) was used to transform the heat treatment time features. 

Similarly, a phase transformation temperature 𝜃 may be related to precipitate growth using a 

sigmoid function as in Eq. (5). This formulation reflects that at insufficiently low temperatures, 

there is an effectively zero probability (𝜎) of precipitation, while at higher temperatures, 

precipitation is very likely to have occurred. In this work, θsol = 1123 K was used for all alloys. 

When the Hf content was less than 3 at.%, θpre and θage were set to 473 and 673 K to model 

Ni4Ti3 precipitation kinetics [31]; for Hf content large than 3 at.%,  θpre and θage were set to 573 

and 773 K, respectively, to model H-phase precipitation kinetics [45][46][47]. 

σ(𝑇) = 𝑇1 + 𝑒𝜃i−𝑇 (3.5) 

Again, Table 3.1 summarizes both the recorded and engineered input features.  

3.4.4 Feature Down-selection 

Feature engineering expanded the number of model inputs to 48 (Table 3.1); the total 

number of observations is 554. By increasing the number of features, feature engineering 

increases the dimensionality of the problem, leading to the “curse of dimensionality” [72]. The 

objective function in most—virtually all—deep learning algorithms is pathological: it is non-

convex with many local minima in the space spanned by the model parameters [73]. GPR models 
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suffer from an analogous pathology. Escaping the local minima in the model parameter space 

requires that the model be restarted repeatedly at reasonable initial parameterizations of the GPR 

model priors to find the optimum parameter posteriors [74]. Following from the manifold 

hypothesis, as the dimensionality of the problem increases, so does the number of local minima. 

The manifold hypothesis asserts that high dimensional data generally lies in the vicinity of a 

lower dimensional manifold [75][76]. More concretely, if the solution of a problem lies on the 

surface of a 3D cylinder, 𝑦 = 𝑓(𝑥, 𝑦, 𝑧), then the solution may be better represented in 2D, 𝑦 =𝑓(𝜃, 𝑧), that is, on the “unrolled” cylinder. Solving the problem on the lower dimensional surface 

requires fewer observations—there are fewer 𝜃, 𝑧 combinations than 𝑥, 𝑦, 𝑧 combinations in the 

problem domain—and is less prone to overfitting since many of the local minima in the model 

parameter space lie in the error hyperplane (in the example above, the direction normal to the 

cylinder surface—the radial direction). Therefore, it is generally beneficial to reduce the 

dimensionality of the problem to eliminate nuisance variables, improve model performance, and 

reduce the number of necessary training observations. 

Here, the relative importance of the features in determining each �̅� and Δ𝑇 were ranked 

using the mutual information (MI) score method [77], while redundancy was evaluated using 

Pearson correlations [78]. The composition feature subset was evaluated independent of the 

process and characterization features, primarily for the purpose of evaluating the contribution of 

the new feature additions in this work relative to the previous state of the art.  

The Scikit-learn python implementation of these algorithms were used [79]. The MI score 

I(X, Y) from input feature X and output property Y, can be computed from, 

𝐼(𝑋, 𝑌) = ∬ 𝑝𝑥𝑦(𝑥, 𝑦) log 𝑝𝑋𝑌(𝑥, 𝑦)𝑝𝑋(𝑥)𝑝𝑌(𝑦) 𝑑𝑥 𝑑𝑦 (3.6) 
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where pXY is the joint probability density function of X and Y, and pX and pY are the marginal 

probability density functions. This integral equal zero if and only if the feature (X) and property 

(Y) are independent, and a higher MI score indicates greater dependency. Correspondingly, 

Pearson correlation between feature pairs 𝑟𝑥𝑖𝑗 or feature and property 𝑟𝑥𝑦 uses the standard 

definition, 

𝑟𝑥𝑦 = ∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛𝑖=1√∑ (𝑥𝑖 − �̅�)2 𝑛𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛𝑖=1 (3.7) 

where n is sample size, xi and yi are the individual sample points and  �̅� and  �̅� are the sample 

means. 

The results for the composition features are shown in Fig. 3.2(A, B). The electronic structure 

attributes ns, qp, np, 𝑛𝑠̅̅ ̅, 𝑛𝑝̅̅ ̅, 𝑛𝑓̅̅ ̅ exhibit very low MI scores and were removed. Then, augmented 

composition feature pairs with correlation coefficient larger than 0.90 (Fig. 3.2B) were taken to 

be highly correlated, hence redundant and removed: ρ, △Hfus, △Hvap, Tm, Tb. The most important 

(assessed via MI scores) variables of the subsets of highly correlated augmented composition 

features were retained. The raw composition features (31-33 in Table 3.1) were considered 

separately. Ti and Hf at.% were removed since they are inversely correlated with many of the 

augmented composition features. Though its importance is marginal based strictly on MI score, 

Ni at.% was retained since it is only weakly correlated with most other features. The Pearson 

correlation matrix of the final down-selected set of 11 composition features is shown in Fig. 

3.2C.  

The MI scores of process features are generally lower than the most important composition 

features, yet they are not negligible (Fig. 3.2D). The applied stress and pre-aging features have a 

relative low MI score, likely due to insufficient statistical sampling: transformation temperatures 
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are determined using DSC (stress-free) in most cases and pre-aging is a rare post-processing 

strategy. This sample size sensitivity was not a concern in the composition-based feature down-

selection exercise since these features were equally represented (i.e., fully dense) across the 

database. The Pearson correlations between input process features and each output property in 

Fig. 3.2E show that preaging and applied stress correlations are of comparable importance as the 

other process variables, even though they have low MI scores. Hence, these features were 

retained since the reason for low MI scores is not a lack of importance, but rather, the sparsity of 

samples in these combinations of conditions. Fig. A6 further demonstrates the that a high MI 

score does not necessarily indicate a strong correlation and vice-versa for 10 of the down-

selected composition features (correlations for the 11th, Ni at.%, are documented in Fig. 3.1). 

Unlike the composition-based features, the general types of process features are not expected to 

be cross-correlated; solid solution annealing dissolves precipitates while aging forms them – the 

physics are different. However, the untransformed vs. transformed HT times and temperatures 

for each heat treatment path should be highly correlated, since the inputs are the same, they are 

just operated on by different functions (unity multiplication in the untransformed case). Hence, 

cross-correlation analysis to down-select the process and characterization features was not 

performed; instead, model performances were examined using the transformed vs. untransformed 

HT feature subsets. 
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Figure 3.2 Feature down-selection criterion. Mutual information (MI) score spider plots indicate 
the overall significance of composition (A) and process (D) features in determining each output 

property �̅� and Δ𝑇. Pearson cross-correlation matrices indicate the relative redundancies of (B) 
all composition features and (C) the down-selected set of composition features used for ML 
modeling. Pearson correlations between process and characterization input features and output 
properties (E) confirm that even though pre-aging and applied stress showed low MI scores in 
(D), their correlations to the outputs of interest are of the same magnitude as the other process 
variables. 
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Figure 3.3 Predicted mean (μ) values of �̅� and △ 𝑇 plotted on ternary composition diagrams for 
different HTs and synthesis methods. (A-F) VAM and (G-L) VIM melting methods followed by 
different heat-treatment schedules (A, D, G, J) Sol (1050 oC/0.5 h, WQ), (B, E, H, K) Sol (1050 
oC/0.5 h, WQ) + Aged (550 oC/3.5 h, AQ), and (C, F, I, L) Sol (1050 oC/0.5 h, WQ) + Pre-aged 
(300 oC/12 h, AQ) + Aged (550 oC/3.5 h, AQ). Each prediction was constrained to 0 ≤ Hf at.% ≤ 
30 and 49 ≤ Ni at.% ≤ 52 chemistries. The predicted variances are shown Fig. A7.  
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3.4.5 Alloy Design Prediction Methodology 

Twenty-seven thousand transformation temperature and hysteresis estimates were made 

using the trained ML models, exhaustively exploring the 4,500-point compositional design space 

(0 ≤ Hf ≤ 30 at.% and 49 ≤ Ni ≤ 52 at.% at step sizes of  0.1 at.% Ni and 0.2 at.% Hf), 3-point 

annealing space (Sol (1323 K/0.5h, WQ), Sol + Aged (1323 K /0.5h, WQ + 823 K/3.5h, AQ), 

and Sol + Pre-Aged + Aged (1323 K /0.5h, WQ + 573 K/12h, AQ + 823 K /3.5h, AQ) heat 

treatment paths), and 2-point synthesis space (vacuum induction melting, VIM, or vacuum arc 

melting, VAM). Ternary diagrams visualizing the resulting calculations are given in Fig. 3.3 for 

the mean �̅� and Δ𝑇 predictions, µ , and Fig. A7 for the standard deviations, 𝜎. These predictions 

were then sorted according to minimum Δ𝑇 and filtered to identify estimates with a  �̅� between 

230 K and 260 K. From this filtered set, seven composition-process combinations that were 

unique from each other by at least 1 at.% Hf or 0.1 at.% Ni were identified from the VAM 

predictions for experimental synthesis and characterization (the available VAM furnace was able 

to make smaller ingots more quickly, saving cost and time, while still sufficiently testing the 

utility of the ML model). 

These predictions can also be mined for physical insights – while not the focus of the main 

article, this model capability is demonstrated in the Fig. 3.3, studying VAM vs. VIM processing 

effects. Specifically, the alloys demonstrate a significant composition, HTs and synthesis method 

dependence. Firstly, for both manufacturing methods, it presents �̅� predicted profiles of Sol + 

Pre-aged + Aged HTs condition are generally lower than Sol + Aged, and Sol HTs profiles 

exhibit largest �̅� value. Specifically, �̅� profiles of Sol condition are generally 100 K higher than 

Sol + Aged HTs, and 300 K higher than Sol + Pre-aged + Aged HTs. Secondly, as expected, �̅� of 

Hf-high content alloys are greater than those of Hf-low alloys. �̅� keeps almost constant at Ni< 50 
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at.%, and then generally decreases with the Ni content increasing. Finally, the variation tendency 

of △ 𝑇 are more complicated and are difficult to see directly from ternary plot, a set of typical 

tendency curves are represented in Fig. A8 & A9, specifically studying composition and heat 

treatment path effects. Furthermore, comparison of ternary profiles indicate that synthesis 

method has a strong influence on �̅�. The VIM synthesized alloys generally lower than VAM 

alloys by about 50-100 K. As expected, alloys property does sensitive to different synthesis ways 

and the ML model prediction captures the underlying phenomenon of alloys fabrication. This is 

because graphite crucibles are generally used for VIM whereas VAM production procedure does 

not need any graphite crucible. The carbon contamination TiC form during VIM solidification 

will increase the matrix Ni concentration, which in turns depresses �̅� [59][60]. 

3.5 Machine Learning Model Assessments 

To quantify the impact of the new physics-informed features, we proceed to evaluate them 

against the previous state of the art (e.g., [8][42]) in Fig. 3.4. We also evaluated a physics-

inspired approach of training and testing using different test-train combinations in the spirit of 

leave-one-out cross validation [63]. In this approach the binary NiTi, Hf-high, and Hf-low data 

subsets of Fig. 3.1A act as the instances; that is, a model trained on NiTi and Hf-high is tested on 

Hf-low, a model trained on NiTi and Hf-low is tested on Hf-high, and a model trained on Hf-low 

and Hf-high is tested on NiTi. The results are given in Fig. A10 and discussed in that caption, 

demonstrate that while such an approach may not perform well in a statistical sense, it can be a 

useful tool for understanding comparability across instances that express different physics, or for 

establishing expectations of how well an ML model trained on one set of alloys could work to 

predict new alloys.  
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Figure 3.4 Machine learning model assessments. Model predictions with 10-fold cross-validation 

for (A-D) �̅�and (E-H) △ 𝑇. (A, E) Trained only with down-selected composition features. (B, F) 
Trained with untransformed process features. (C, G) Trained with down-selected composition 
and untransformed process features. (D, H) Trained with down-selected composition and 
physics-informed transformed process features. The inset histogram indicates relative predicted 
error 𝜀. Uncertainty is represented by bands colored at ±𝜎 (orange) and ±2𝜎 (yellow) about the 

theoretically perfect predicted vs. observed trend line (brown), where 𝜎 is the standard deviation 
across all predicted vs. observed differences for each model. R2, MAE, and mean error 𝜀 ̅values 
are also given for each model. Published data are indicated with green squares and previously 
unpublished data with pink triangles. 

3.5.1 Down-selected Composition Feature Models 

The model performance fitted on elemental composition features are evaluated in Fig. 3.4A 

(�̅�) and Fig. 3.4E (Δ𝑇). An ideal model would place all predicted values on the brown diagonal 

line. For �̅� in Fig. 3.4A, the model performs decently, consistent with previous work that 

evaluated the ability for ML to predict a transformation temperature [42], considering that here 

we are predicting the average of all transformation temperatures, not just a single temperature. 

The R2=0.83 indicates that the model generally trends with the data, while the distribution of 
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errors histogram in the inset approximately shows that the model predicted 90% of data with less 

than ±20% relative error. These metrics indicate that the ML model to predict �̅� is generally 

working, but also that there could be room for improvement, especially further considering that 

the orange and yellow bands represent a mean predicted standard uncertainty 𝜎 of 45 K. 

Knowing that the transformation temperature of an SMA that is returned by the ML model has a 

69% expected accuracy within ±45 K (𝜎) and 99% expected accuracy within ± 90 K (2𝜎) is not 

practically useful - typically for SMA application design, engineers need to know these 

temperatures to within 5 to 10 degrees. 

The need for a better model becomes more evident in considering the Δ𝑇 cross-validation 

(Fig. 3.4E). In regards to predicting thermal hysteresis (here defined to be the total 

transformation temperature range Δ𝑇), an R2 = 0.33 indicates that the model does not work at all, 

only 46% of the test data were predicted with relative error lower than ±20% and 𝜎 was 25 K. 

Visually, it is also evident that the predicted vs. measured values do not trend with the brown 

diagonal line. Physically, hysteresis is as important, if not more important than the mean 

transformation temperature, as it determines the efficiency of a shape memory device and has 

also been suggested to be an indicator of damage and fatigue [48][80]. Physically, the failure of 

the ML model trained only on composition-based data to predict Δ𝑇 is expected. While for a 

single, homogenous solid solution SMA with fixed processing, hysteresis can correlate with 

composition changes in the vicinity of the global minimum [28][37], it is well established that in 

looking more broadly, especially across different alloys and process variations [29] as we have 

asked the model to do here, hysteresis is not well correlated with composition variations by 

themselves. This result emphasizes that ML cannot circumvent fundamental physics and 

statistics; fitting an ML model, just like an empirical model, requires a full complement of those 
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independent variables on which the response depends. Next, we evaluate the impact of adding 

process features, first in isolation, and then in combination with the composition features. 

3.5.2 Process Feature Models 

Process variations strongly impact SMA transformation temperature properties [31], as they 

do the properties of all alloys [81]. However, cross-validation of the ML models trained only on 

the untransformed process features indicates poorer performance in predicting �̅� (Fig. 3.4B) and 

slightly improved, but still poor, performance in predicting Δ𝑇 (Fig. 3.4F) relative to the models 

trained only on composition features. Here, neither model works well at all, as is visually 

apparent from the lack of correlation in the predicted vs. measured data with the brown diagonal 

lines. Again, this is not surprising as more than 80 years of understanding the physical 

metallurgy of SMAs has established that both composition and processing dictate transformation 

temperature properties. Again, the ML cannot circumvent fundamental physics and statistics.  

3.5.3 Untransformed Process Features Combined Models 

ML models to predict both �̅� (Fig. 3.4C) and Δ𝑇 (Fig. 3.4G) are improved by considering 

composition and processing variations simultaneously, even though we have not yet informed 

the ML with our physical knowledge of the mathematical non-linearities in the process 

variations. The R2 value of the  �̅� prediction model (Fig. 3.4C) increased to 0.88, while the mean 

error and MAE decrease to 0.07 and 25 K, respectively. Most notably, the mean uncertainty 𝜎 

decreases to 35 K—a 10 K reduction in the variance of the predictions, showing there is a very 

practical benefit to including both composition and process features. However, there are still 

noticeable outliers from the desired trend in the cross-validation data, indicating that the ML 

model has not yet captured all of the high dimension composition-process-property correlations 
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with regard to determining �̅�, or we have not provided the ML model with all the features that 

are needed to determine these correlations.  

Though improved, the ML predictions of Δ𝑇 are still poor (Fig. 3.4G). Visually, the data are 

trending better with the brown diagonal line, but the R2 value of 0.47, while improved from 0.33 

(Fig. 3.4E), is still far from ideal (R2=1). This result indicates that it is more challenging to 

model Δ𝑇 than �̅� using ML, which is also consistent with outstanding challenges in 

understanding the physical mechanisms that determine the hysteresis of SMAs that contain 

precipitates [29][39]. 

3.5.4 Physics-informed Transformed Process Features Combined Models 

Informing the ML models of the physical nonlinearities of the heat treatment features further 

improves predictions of  �̅� (Fig. 3.4D) and Δ𝑇 (Fig. 3.4H). While ML for �̅� already performs 

well (Fig. 3.4C), the improvement to nearly 92% of the test predictions being made with less 

than 10% error, visually apparent in the much sharper histogram of errors in the inset, together 

with another 10 K reduction of 𝜎 to 25 K is impactful. It is also visually noticeable in examining 

Fig. 3.4D vs. Fig. 3.4C that the number of outliers from the desired trend has been obviously 

reduced – there is now only 1 obvious outlier and a limited number of data points fall outside of 

the ±2𝜎 (yellow) interval. Furthermore, the ML model to predict Δ𝑇 (Fig. 3.4H) has improved to 

the extent that we can now say it has begun to work, as indicated by an R2 = 0.68, 𝜀 ̅= 0.15, MAE 

= 10 K, and a 𝜎 = 15 K. It is also qualitatively apparent through an obvious sharpening of the 

histogram of errors together with a much stronger trend with fewer outliers relative to the ideal 

model (brown diagonal line).  
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3.6 Practical Validation of the Physics-Informed Machine Learning Model  

SMA applications depend on both transformation temperature and hysteresis. And while it is 

clear from the preceding section that the performance of an ML model improves with more 

complete information, it is also clear from Fig. 3.4 that even this model does not capture the 

complete set of physics governing NiTiHf’s thermal transformation. Contrarily, it is not clear 

how the remaining extrinsic error in the ML model will impact its practical use as a tool to 

inform the engineering and manufacturing of new alloys to meet application-driven performance 

metrics. To clarify the utility of the ML model, it is validated using two methods: 1) we reserved 

four of the previously unpublished NiTiHf datasets for validation (see Section 3.3 and Table 

B.2), which were not used at any point during training, testing, and cross-validation, and 2) we 

made five new blind predictions (see Table B.2) using the trained ML models following the 

design methodology given in Section 3.5, and then experimentally validated those predictions 

using the methodology given in Section 2 with no further modifications to or retraining of the 

ML models. 

Fig. 3.5 shows the validation results within the context of the trained-and-tested models. 

Specifically, the four unpublished alloys reserved for validation (orange circles) and the five 

“blind prediction” alloy designs (red triangles) are plotted on top of the training and testing 

datasets (small white circles), and the ±𝜎 (orange diagonal band) and ±2𝜎 (yellow diagonal 

band) uncertainty intervals of the trained models that were determined from cross-validation. 

Again, recall from Section 3.5 that the design targets for the blind predictions were to achieve a 

transformation temperature between 230 K and 260 K while minimizing Δ𝑇. This target range is 

indicated with dashed lines in Fig. 3.5.  
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Figure 3.5 Experimental validation of the ML models.  The predicted (A) �̅� and (B) △ 𝑇 values 
are plotted against the experimental observations for the validation datasets, including both 
unpublished data that were reserved from the model training and testing process, as well as the 
new blind predictions made with the trained and tested models. The error bars indicate the one-
sigma prediction uncertainty. These validation data points are plotted over the training data 
points, as well as the ±𝜎 (orange) and ±2𝜎 (yellow) uncertainty intervals that resulted from 
cross-validation of each model. The validation data are summarized in Table B.2. 

These results validate the performance expectations of the models and their utility for 

predictive design. Specifically, most experimental verifications of the model estimates lie within ±𝜎 and all but one lie within ±2𝜎. Only one of the blind alloy composition-process-property 

predictions was expected to fall within the �̅� target window; the Ni50.7Ti46.3Hf3 alloy exhibited �̅� 

= 249.5 K and Δ𝑇 = 77 K, consistent with the 229 ± 45K and 83 ± 26 K predictions.  Contrarily, 

one blind prediction sits on the cusp of each ±2𝜎 interval for both �̅� and Δ𝑇: Ni50Ti47Hf3. While 

the measured properties of this alloy are �̅� = 337 K and Δ𝑇 = 82 K, they are predicted to have a 

lower transformation temperatures and hysteresis. Physically, this prediction represents an edge 

case. To form the strengthening H-phase precipitates in NiTiHf alloys using heat treatments, an 

alloy must have more than 50 at.% Ni in addition to moderate amounts of Hf, so that an excess 

of both Ni and Hf are available to supply the precipitates [82]. However, this composition is not 
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Ni-rich and, therefore, H-phase precipitation is not expected. Still, nearly all NiTiHf alloy 

development has occurred since the discovery of H-phase precipitation in the late 1990s [83]; 

thus, nearly all development has been on Ni-rich compositions, and nearly all of the training data 

used for ML model development was on Ni-rich compositions. Thus, this poor performance of 

the ML models for the Ni50Ti47Hf3 alloy is due to the models not having enough data to learn that 

H-phase precipitation ceases when the Ni-content falls at-or-below 50 at.%. We intentionally 

made our predictions to Ni-contents as low as 49 at.% to test our edge cases, but in practice, 

these models should not be expected to perform well for equi-atomic and Ni-lean compositions, 

considering both physical and training data limitations. The model did alert the user to potential 

issue with this prediction, as is evident in the abnormally large ±𝜎 error bar associated with this 

data point in Fig. 3.5B. 

In further examining Fig. 3.5, the reserved, unpublished data generally perform better than 

the blind predictions—they exhibit less scatter about the ideal (brown line) response and smaller ±𝜎 error bars. This improved performance is likely because these alloys are most similar to the 

26 unpublished data that were used in the training and testing of the models (Table B.1). The Ni 

and Hf at.% contents are shared with other alloys, whereas the “blind predictions” have either 

more or less Hf than the training data and different amounts of Ni. Thus, the validation analysis 

has assessed the ability for the model to be used for statistically supported predictions—in this 

case, the reserved datasets—as well as unsupported predictions—in this case, the blind 

predictions. In both cases the model is validated, though the poor performance of the Ni50Ti47Hf3 

demonstrates that the ability to make unsupported predictions is limited by a physical boundary 

at Ni-content of 50 at.%. Similarly, there is a likely upper bound on Ni and Hf content at the 
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point where alloys no longer exhibit shape memory behavior, but these edge cases were not 

reached due to artificial limits placed on the design search.  

3.7 Discussions 

Fig. 3.6 summarizes the impacts of this work. Specifically, the previous state of the art for 

ML of precipitate strengthened NiTi SMAs resulted in the NiTi Pareto Front [43] that lies 

between 280 K < �̅� < 350 K and 50 K < Δ𝑇 < 60 K. The previous state of the art for developing 

NiTiHf SMAs is indicated by the Prior NiTiHf Pareto Front and the green square markers. 

Contextually, it should be noted that until very recently (see Section 2), the majority of NiTiHf 

SMA development has been driven by ~500 K actuator performance metrics, so this Prior 

NiTiHf Pareto Front is biased toward �̅� higher than the New NiTiHf Pareto Front, which 

considers previously unpublished NiTiHf alloys driven by medical device performance metrics 

and blind predictions driven by developing alloys with 230 K < �̅� < 260 K and as low Δ𝑇 as 

physically possible. 

Overall, in examining Fig. 3.6, it is indisputable that the development of NiTiHf SMAs has 

enabled a much broader, commercially viable SMA design space than was achieved in more than 

a half century of binary NiTi SMA developments. The NiTiHf Pareto fronts are far more 

expansive than the NiTi Pareto front. The greatest contribution of the new data presented in this 

work has been to push the NiTiHf Pareto Front further into the realm of biomedical and 

aerospace applications, although the pursuit of autonomous aircraft actuation SMAs remains an 

open challenge. In considering the physically reasoned (i.e., unpublished) NiTiHf alloys vs. the 

ML-designed (i.e., blind prediction) alloys, the New NiTiHf Pareto front is consistent—the ML 

developed in this work did not push the combined �̅� and Δ𝑇 performance beyond the Pareto front 

that was established by the physically reasoned, unpublished NiTiHf alloy developments, 
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indicating that the New NiTiHf Pareto Front is likely a physical bound on what can be achieved 

via NiTiHf metallurgy.  

 

Figure 3.6 An Ashby plot shows transformation temperatures �̅� against relative hysteresis △ 𝑇 
for published Ni-Ti-Hf Pareto Front, lab unpublished work and new predictions of alloys design. 
The NiTi Pareto Front was obtained from [43]. Autonomous Aircraft Actuation targets actuation 
between takeoff and cruise. Autonomous Aerospace Actuation targets actuation between lunar 
day/night cycles. Biomedical Implants target a range of applications. 

Still, ML-driven design showed tremendously improved accuracy. Specifically, recall that 

the unpublished alloy development goal was motivated by biomedical performance metrics. Only 

~ 1/3 of the alloys synthesized using our best physical intuition and decades of experience met 

the thermal requirements—nearly 2/3 of the white diamond markers lie outside of the target 

region. Contrarily, all ML predictions fall within this region. This improved accuracy represents 
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a tremendous savings in alloy development efforts. Without ML, 2 out of every 3 synthesized 

alloys would have failed to meet the design goals, and with ML, all succeed (acknowledging that 

5 is a limited number). Furthermore, the ML-driven design goal—alloys with minimum 

hysteresis at a given mean transformation temperature—was validated despite the gap that 

existed at the Pareto front from the unpublished, non-ML informed effort. ML identifies alloys 

that meet a combined �̅� and Δ𝑇 performance target that fills that gap. 

3.8 Conclusions 

In summary, a physics-informed feature engineering approach for multi-step heat treatment 

schedules has been developed. Just as the physical thermodynamic and kinetic relationships (e.g., 

JMAK growth kinetics) have guided metallurgy for more than 80 years, a data processing 

methodology for ML-driven alloy design is proposed, one that is useful for any alloy system that 

undergoes phase transformations when heat treated. In more than 70 years of physics-based 

modeling developments, we still do not have a quantitative, broadly applicable, quantitative 

model for thermal hysteresis of precipitate strengthened SMAs. This physics-informed approach 

is shown to be the key to model the effects of metallurgical processing variations across multiple 

processing stages on mean transformation temperatures and thermal hysteresis of SMAs. At a 

high level, this demonstrates the ability to develop robust materials informatics approaches that 

work on limited data volumes, data that are very expensive and take decades to generate, rather 

than relying on computational or high-throughput materials databases containing many 

thousands of observations. The feature engineering innovation demonstrated here enables an ML 

CPP model able directly inform manufacturing.  
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CHAPTER 4 

MACHINE LEARNING FOR KNOWLEDGE TRANSFER ACROSS MULTIPLE METALS 

ADDITIVE MANUFACTURING PRINTERS 

Reproduced from published paper, Additive Manufacturing (2021):101877, Sen Liu§1, Aaron P. 

Stebner1,2, Branden B. Kappes**1,3, Xiaoli Zhang††1 

4.1  Abstract 

Adopting new metals 3D printers introduces time and cost obstacles to printing parts with 

the same quality as was attained on existing printers. A large number of trial-and-error 

experiments or computationally intense simulations for property prediction and process 

optimization are often required. However, machine learning (ML) promises the ability to 

accelerate the adoption of new printing technologies. Specifically, it should enable transfer to the 

new printer prior knowledge built up from existing data, resulting in a data-informed starting 

point that is closer than would be possible without the statistics-based model. To enable the reuse 

of previously acquired knowledge, this study proposes a data-mining-assisted ML knowledge 

transfer framework. Bayesian models are found to more effectively model process-property 

relations and outperform support vector machine and logistic regression models. This framework 

is verified through 3 “industry-use” inspired scenarios for laser powder bed fusion of Ti-6Al-4V: 

1) adopting a new model of printer from the same manufacturer that uses similar technology, 2) 

adopting a new model of printer from a different manufacturer that uses similar technology, and 

 

§ Primary author and editor 
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3) adopting a new model of printer from a new manufacturer that uses different technology. The 

multi-property optimization experiments demonstrate the feasibility of cross-machine knowledge 

transfer to accelerate the adoption of new metals AM printing technologies.   

4.2  Introduction 

The global additive manufacturing (AM) market is expected to grow at an average annual 

rate of 17.7% over the next seven years over all AM modalities [1]. Among these, metals AM is 

expected to see a growing market share in applications across aerospace, automotive, healthcare, 

and customized manufacturing [1][2]. This growth is expected not only in the number and 

variety of applications, but also in the number of machines, number of manufacturers, and 

number of available models [3]. Laser powder bed fusion (LPBF) is a widely used metals AM 

technology that produces parts with a complex thermal history that originates from directional 

solidification followed by multiple heating and cooling cycles as the laser makes passes over 

subsequent layers. The resulting parts may have complex material microstructures and highly 

variable part properties. The rapidly evolving landscape of AM machines, materials, and 

applications will require equally rapid ways of developing processing and post-processing 

parameters that are able to achieve multiple target properties to fit the demands of future 

applications [2][4][5][6][7][8]. Because both material and part are manufactured simultaneously, 

any change to either material or process requires separate qualification. This cost represents one 

of the main barriers to the widespread adoption of metals AM as a mainstream manufacturing 

method. Reducing the time and cost of new part qualification will require an increasing reliance 

on preexisting knowledge. 

Because of the short laser-material interaction times and accompanying highly localized heat 

input, large thermal gradients exist during the LPBF process. These thermal gradients and rapid 
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solidification leads to a build-up of thermal stresses and non-equilibrium phases [9][10][11]. 

Non-optimal process parameters can cause melt pool instabilities, which leads to porosity or 

geometric distortion [12][13][14][15]. Further, the anisotropy in mechanical properties may 

result from AM-specific defects, such as porosity in LPBF Ti – 6wt.% Al – 4wt.% V (Ti-6Al-

4V) [16][17][18]. Ti-6Al-4V is one of the more widely studied alloys for LPBF processing 

[10][11][12][13][14]. Due to the availability of several hundred published datasets, a Ti-6Al-4V 

LBPF database will be used in the current study. To ensure optimal building conditions, many 

researchers have reported how different process parameters, such as laser energy density, laser 

power and speed, scan strategy, layer thickness and scan spacing influence Ti-6Al-4V 

microstructure, mechanical properties, density and surface quality 

[10][11][19][20][21][22][23][24]. In addition, some researchers have focused on optimization 

and simulation of the melt pool behavior [25][26][27], or in-situ monitoring or control AM 

building process [28][29][30]. However, these observations were acquired using different 

processes, on different machines, using different Ti-6Al-4V feedstock, at different times; that is, 

these observations, while consistent with best practices, were not part of a single set of controlled 

experiments. The challenge is to develop a methodology for combining results collected under a 

disparate set of conditions and without knowledge of the complete history of each sample.  

To begin to meet this challenge, in this work we aim to train a ML model on previously 

published LPBF Ti-6Al-4V data and then use the ML model to predict process parameters 

necessary to produce parts of different hardness-porosity property combinations using AM 

machines that were not used in the training dataset. More specifically, we ask the model to meet 

three practical process-property relationship prediction challenges: 1)  a new printer model given 

data from previous models made by the same manufacturer, to simulate a company updating 
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their printers to the latest model; 2) a new printer model given data from competing printers that 

use similar process windows in terms of laser power, speed, hatch spacing, scan strategies, etc., 

to simulate a company switching printer brands but still using the same basic technology; and 3) 

a new printer model that has a significant change relative to the training data set – in our 

demonstration, the new printer has a 500 W laser where nearly all of the training data was 

generated using printers with 200 W lasers (there was 1 outlier data point at 375 W) and we ask 

the ML model to predict processing parameters using laser powers of 350 W to 500 W, to 

simulate a company adopting a new generation of printers with the latest technology. Through 

theoretical and experimental quantification, this work shows that an ML framework can 

successfully help extract and transfer process-property relationship knowledge from prior studies 

to these manufacturing scenarios.  

4.3 Materials and Methods 

4.3.1 Overview of Workflow 

To take advantage of existing data and accelerate AM process optimization, a data-mining-

assisted ML framework was developed for utilizing build parameters and part properties 

available in the AM process literature to estimate a set of build parameters that optimize 

multiple, possibly contraindicated properties. In the case of data collected across various 

machine types, each reported value is treated as an independent observation. Since a model 

cannot provide a point estimate to a higher accuracy than the intrinsic variability of the 

underlying data, the proposed approach first discretizes these observations into statistically 

distinct classes using the Pearson 𝜒2 test, as implemented in the Chi-square Automatic 
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Interaction Detector (CHAID) algorithm [31]‡‡. CHAID identifies the likelihood that two 

observations were drawn from the same distribution. This allows the data to be assigned a 

statistical significance that is both intrinsic to the set of observations and independent of the 

specific type of data; e.g. laser power, hardness or yield strength. A significance of 0.9, 

indicating a strong statistical correlation, will merge classes whose 𝜒2 is less than 4.6. Once 

discretized, numerical data can be effectively modeled using one of several classification 

algorithms, such as logistic regression or Naïve Bayes (NB). Naïve Bayes is a linear, generative 

classification model that predicts the posterior probability 𝑝(𝑦|𝒙) of class 𝑦 given state 𝒙: 𝒙 =𝑥1, 𝑥2, … under the strong assumption that all 𝑥𝑖 are mutually independent classes. While this 

assumption rarely holds, in practice NB continues to perform well. Given a set of observations, 

NB returns the class that maximizes the posterior probability. Data-driven ML models were built 

to explore process-property correlations, which can be used for property prediction, process 

optimization and experimental evaluation. Fig. 4.1 presents the three main parts of the learning 

framework: data collection, model training, and model usage.  

Data collection includes modules for data processing and data exploration. In the data 

processing module, unstructured data is extracted and tabulated into a structured database. 

Because data from numerous sources is often inconsistent and fragmented, some outliers and 

incomplete datasets in database were removed. Furthermore, both process parameters and 

component properties were transformed into consistent units. Finally, this structured database is 

converted into Citrine’s physical information format (PIF) to record the hierarchical relationships 

between properties and processing parameters [32]. Data exploration is a necessary step in any 

ML modeling workflow. While many methods and tools have been developed for data 

 
‡‡ Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive Manufacturing 
Printers”, Additive Manufacturing (2021):101877. 
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exploration, in this work, data visualizations via statistical violin-histograms and feature-property 

scatterplots will be generated for each extracted input feature to assess the range and distribution 

of processing conditions, as well as fundamental correlations between those conditions and the 

properties of interest. These assessments can verify the viability of ML as a suitable modeling 

technique, as well as inform the specific choices of features, their levels, and the ML algorithms 

that should be further considered. 

 

Figure 4.1 The learning framework for AM knowledge extraction and AM development. The 
blue boxes indicate general steps while white boxes describe the methods that can be used within 
this step. Methods used as part of this work are highlighted in red. Sub-graphs in experiments 
shows (A) samples were manufactured by ProX DMP320A (3D systems, CO) and EOS M290 
(Elementum 3D, CO), (B) printed samples, (C) relative density and (D) microhardness 
measurement. 
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Model training includes three modules: dimensionality reduction, regression or 

classification, and model evaluation. Before training, the input data is normalized to reduce the 

implicit bias introduced from differences in data scales and ranges. Dimensionality reduction 

exploits feature importance, the influence that input features have on properties, to improve 

predictive performance. A feature importance ranking method based on Analysis of Variance 

(ANOVA) is used to analyze the effects of features on target properties and reduce the 

dimensionality of input features. Continuous variables are transformed into discrete values using 

a data discretization method, such as ChiMerge, and grouped into intervals for classification. The 

performance of several ML models was evaluated: Naïve Bayes (NB), support vector machine 

(SVM), and logistic regression (LR). Model accuracy, precision, and recall are evaluated from 

the confusion matrix and the sensitivity (true positive rate) and fall-out (false positive rate) from 

the receiver operating characteristic (ROC) curve [33] using 5-fold cross-validation [34] to 

estimate out-of-sample performance. 

Once trained, the ML models are used to predict mechanical properties at given process 

parameters, or given a desired set of properties, the ML models are combined with a multi-

objective genetic algorithm (MOGA) [35] to find the set of process parameters that 

simultaneously optimize multiple properties. Whenever new experiments are conducted in the 

data collection and model training modules, these new results augment the database and improve 

the accuracy of the model. Such a closed-loop learning framework provides an iterative way to 

grow the dataset and improve model performance. 

4.3.2 Data Collection Across Different Machine Types 

Again, to develop this data-mining-assisted ML framework and evaluate its feasibility and 

effectiveness, AM Ti-6Al-4V has been chosen because it had been studied for LPBF more 
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prevalently than other alloys as of 2018 [5][6][7][10][11][12][13][14]. 121 journal articles were 

found using the keywords “Ti-6Al-4V, laser powder bed-fusion, additive manufacturing” in 

Google Scholar in 2018. To construct a knowledge database from prior studies at a large scale, 

there exist well-developed techniques to process the original text and extract data automatically 

or semi-automatically, such as the natural language processing toolkit (NLTK) [36], Stanford 

CoreNLP [37] and CrossRef data mining services [38]. Considering the limited number of AM 

Ti-6Al-4V articles that fall within the scope of this project, these automated natural language 

processing (NLP) techniques are not used in the present work. However, data collection to 

enable information retrieval at a large scale was demonstrated in our earlier work on data-

mining-assisted learning for biomedical and healthcare applications [36][39]. 

Each article was reviewed and labeled manually for six target properties: density, 

microhardness, elastic modulus, yield strength, ultimate tensile strength, and strain. A positive 

label indicates the presence of at least one property and input features; a negative label, none. 

While manual paper selection could be replaced with topic relevance analysis or Latent Dirichlet 

Allocation (LDA) analysis [40] to automatically label articles when the number of articles is 

large, only 64 out of 121 articles satisfy the requirements for data extraction of density and 

mechanical properties. Several process conditions have been identified in the AM Ti-6Al-4V 

literature [6][7][23][40] – machine type, powder composition, laser power, laser speed, scan 

hatch spacing, powder layer thickness, mean powder size, laser energy–as particularly influential 

on target properties including density, microhardness (Hv), elastic-modulus (E), yield strength 

(σy), ultimate tensile strength (UTS), and strain (ε) as shown in Table B.3.   

The collected information includes printing information (e.g., machine, materials), 

processing parameters (e.g., laser power, scan speed, hatch spacing, etc.) and part properties 
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(e.g., density, hardness, yield strength, etc.). Data reliability, credibility, and veracity are 

presumed from their provenance: the data are collected from recently published, authoritative 

journals and have gone through experimental verification and peer review. However, while data 

collection from curated articles are reliable, it does not guarantee the data are comparable. Data 

extracted from literature can be inconsistent; variations in equipment controls and experimental 

procedures are uncontrolled across heterogeneous data extracted from literature. In addition, 

errors may be introduced during manual data collection, transcription, or organization. 

Therefore, before ML modeling, the extracted data must be analyzed and screened by domain 

experts to ensure data consistency, including conversion into comparable units, determining how 

to properly handle missing data, and removing outliers. Violin and scatter plots of features are 

used to evaluate the feasibility and credibility of data for subsequent ML modeling.§§ 

4.3.4 Model Training for Process-Property Correlations 

Although the extracted values for hardness and density are continuous, classification by NB 

modeling requires these values be transformed into discrete intervals. While several 

discretization methods exist, such as decision trees, class-variable interdependency maximization 

(CVIM), k-means, ChiMerge, or the equal width/frequency discretization method [41], in the 

present work, the classes are selected manually based on application-specific targets. . 

The Chi-square Automatic Interaction Detection (CHAID) decision tree is used to identify 

the categories (or intervals, for a continuous input variable) that are statistically distinct with 

respect to a categorical response variable. At each split, classes from each feature—features 

taken one-at-a-time—are merged through an iterative ChiMerge process until the correlation 

 
§§ Violin plots provide information on the distribution of a variable. They combine a box plot—which shows the mean 
or median and the inner quartile range (IQR), the range within which lies points between the 25th and 75th percentiles—
and a kernel density plot to estimate the underlying distribution of the data. 
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table formed from the parent categories and the merged set of feature categories has a p-value 

below a user-defined threshold, the alpha-merge threshold. If this threshold is not attained—that 

is, no statistically distinct splits can occur from the parent—then the parent is a leaf node. The 

present work is only concerned with the statistically distinct feature splits with respect to the 

response variable; therefore, each CHAID decision tree is restricted to a depth of 1. An alpha-

merge threshold of 0.05 was selected for the present work [42], that is, merging continues until 

all pairs of intervals exceed the 𝜒2-threshold corresponding to a 90% confidence interval, 4.6 

[31]***. 

ChiMerge tests adjacent intervals to determine if the population of each class is significantly 

different from its expected population. If different, the two adjacent intervals are statistically 

independent and both classes are retained. If not, adjacent intervals are merged into a single 

interval. The independence of adjacent intervals is determined by the Pearson χ2 independence 

test [31][41], 

𝜒2 = ∑ ∑ (𝐴𝑖𝑗 − 𝐸𝑖𝑗)2𝐸𝑖𝑗
𝑘

𝑗=1
𝑚

𝑖=1 , (4.1) 

where 𝑚 = 2 (adjacent interval pairs are compared), 𝑘 is the number of classes, 𝐴𝑖𝑗 is the number of values in the ith interval, jth class, 𝐸𝑖𝑗 indicates the expected population in 𝐴𝑖𝑗. 

 
*** Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive Manufacturing 
Printers”, Additive Manufacturing (2021):101877. 
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A feature selection technique was then applied to rank variables based on their apparent 

importance and to eliminate redundant variables. While several established dimensionality 

reduction methods exist, including analysis of variance (ANOVA) [43][44], factor analysis, 

principal component analysis (PCA), and independent component analysis [45][46], statistical 

ANOVA was used in the present work. Features deemed insignificant according to the F-test 

were removed. ANOVA techniques have been proven to be efficient in describing the relations 

between process parameters and the output responses of part properties [7][8][47]. The F-value 

of each of the design features is given by 

𝐹𝑗 = 𝑆𝑆𝑅𝑘 − 1𝑆𝑆𝐸𝑁 − 𝑘 = 𝑀𝑆𝑅𝑀𝑆𝐸 ~𝐹𝑘−1,𝑁−𝑘 (4.2) 

where ANOVA partitions the total sum of squares into the sum of squared residuals (SSR) 

and sum of squared errors (SSE). MSR divides the SSR by the interval degree of freedom, and in 

the calculation of MSE, the mean squared error, k is the number of groups, and N is the total 

number of observations. If the p-value for the F-statistic is smaller than the significance level, 

the group means are significantly different from each other. In other words, if the F-value of a 

feature is large, it has a high statistical influence on, in this case, the manufacturing process 

response; i.e., one property of the manufactured part. The significance level is set to 0.05 [42], 

which indicates the correlations between input and output features with p-values greater than 

0.05 are considered weak; and less than 0.05, significant. 

Because of their flexibility, many machine learning methods can be used in AM process-

property modeling: models such as linear discriminant analysis (LDA), k-nearest neighbor 

(KNN), artificial/deep neural networks (ANN/DNN), and random forests (RF) [48]. These 

algorithms have the advantage of being efficient to train, however, the working process (e.g., 
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knowledge representation and inference process) are not easily interpretable. NB models have 

the advantages that they (1) provide a transparent and human-understandable knowledge 

representation and (2) are scalable to high-dimensionality space and (3) can be updated with new 

datasets. Although conditional independence††† rarely holds true, NB models have been found to 

perform well in practice despite their simplicity. 

A NB classifier is a conditional probability model. Given a problem instance represented by 

n input features, 𝒙 = (𝑥1, … , 𝑥𝑛), the classifier assigns to the 𝑘𝑡ℎ output property the value 𝐶𝑘 

with probability 𝑝(𝐶𝑘|𝑥1, … , 𝑥𝑛). Using Bayes’ theorem, the probability that a certain property 

level Ck occurs under feature status x, the conditional probability, can be related to the 

conditional likelihood of 𝒙, the prior of 𝐶𝑘, and the marginal distribution of 𝒙, 

𝑝(𝐶𝑘|𝐱) = 𝑝(𝐱|𝐶𝑘)𝑝(𝐶𝑘)𝑝(𝐱) (4.3) 

The marginal probability, p(x), is ignored, as it mainly serves as normalization and, 

therefore, has no effect on posterior maximization. Under the conditional independence 

assumption, the product of the prior, 𝑝(𝐶𝑘), and the conditional likelihood, 𝑝(𝒙|𝐶𝑘), is 

equivalent to the joint conditional probability, 

𝑝(𝐶𝑘|𝑥1, … , 𝑥𝑛) ∝ 𝑝(𝐶𝑘, 𝑥1, … , 𝑥𝑛) = 𝑝(𝐶𝑘) ∏ 𝑝(𝑥𝑖|𝐶𝑘)𝑛𝑖=1 . (4.4) 

Concretely, it illustrates the method for calculating the conditional probability of finding a 

specific laser power state given that a particular component density has been observed. The 

maximum a posteriori (MAP) estimate is used to predict 𝐶�̂�, the most likely value for property k, 

 𝐶�̂� = argmax𝑘 𝑝(𝐶𝑘) ∏ 𝑝(𝑥𝑖|𝐶𝑘)𝑛
𝑖=1 . (4.5) 

 
††† Conditional independence is the assumption that all input features, 𝑥𝑖, are independent. 
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Laplace smoothing is used to prevent 𝑝(𝑥𝑖|𝐶𝑘) from vanishing [49].  

In addition to the NB model, SVM [50] and LR [51] methods have been implemented for 

comparison. The quality of different classifiers based on their respective Receiver Operating 

Characteristic (ROC) curves are compared to show the effectiveness of the NB model. 

Model error approximation through k-fold cross validation was used to evaluate model 

performance by minimizing out-of-sample error estimates. In cross validation, the model is not 

fit to the entire dataset but rather the data is first split into training and test sets. The model is fit 

to the training data, then predicted test data from the trained model are compared to the actual 

test data to approximate the model’s out-of-sample error. In a k-fold cross validation, the original 

dataset is randomly partitioned into k subsets of roughly equal size, of one subset is retained as 

data for testing the model, and the remaining k−1 subsets are used as training data. Each of 

the k subsets is used exactly once as the test data. The k results can then be averaged to obtain 

the more accurate estimate of model performance.  

Two tools are used to evaluate the performance of the classification model: the confusion 

matrix and the ROC curve. In a ROC curve, the sensitivity, defined as the ratio of true positives 

to total positives, is compared to the fall-out rate, defined as the ratio of the false positives to 

actual negatives (the sum of the false positives and true negatives) [33]. Given a classifier 

threshold parameter, each prediction result or instance of a confusion matrix represents one point 

in the ROC curve [52]. The classifier with a larger area under the curve (AUC) of the ROC is 

better. An AUC of 1 is perfect, 0.5 is equivalent to random guessing. Although there is no 

definitive threshold to quantify model goodness, an AUC greater than 0.85 is generally used to 

define acceptable model performance, though problem-specific context should be considered 

[53]. 
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4.3.5 Process Optimization and Experimental Setup 

Process–property models can be used to predict properties given process parameters 

(forward modeling) or can be used to suggest process parameters given target properties (reverse 

modeling) as shown in Fig. 4.2. When multiple target properties must be modeled, multiple NB 

models are required. To find the optimal process parameters that meet multiple target properties, 

we formulate this problem as a Multi-Objective Optimization (MOO) problem in which the 

global optimum is sought in a multidimensional property space. MOO is a common problem, but 

common gradient-based optimization methods–like Gradient Decent, Conjugate Gradient and 

Newton’s method–are generally incapable of finding a global optimum in MOO [54]. Therefore, 

a Multi-Objective Genetic Algorithm (MOGA) is chosen to simultaneously optimize multiple 

properties using the NB models trained for each parameter. Genetic algorithms use principles 

from evolutionary biology to maximize the fitness of a population. Each generation is created 

through evolutionary operations—mutation and cross-over—and those individuals with the 

greatest fitness survive to produce the next generation. That is, it is a population-based search 

methodology based on the principle of natural selection [35]. 

In this implementation, mutation operations involved randomly selecting values for laser 

power between 50 to 500 W; for laser speed between 50 to 1400 mm/s; and laser energy density 

from 20 to 350 J/mm3. In contrast to mutation, where random values are selected, crossover 

operations combine two or more existing (parent) states to generate a new (child) process state. 

The top 80% of parents are selected for crossover operations. 
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Figure 4.2 Mapping between process conditions space and objective property space. From 
process space to property space, it is property prediction using Naïve Bayes models given 
process conditions. Inversely, from property space to process space, it is multi-properties 
optimization process. Given desired properties like high density and high hardness, the goal is to 
find its process parameters values in definition space using GA. The axes in process space 
indicate laser power, laser speed and laser energy. The property like density and hardness in 
property space are defined as two and three levels, the principle of determine high, medium, and 
low level are illustrated in Fig. 4.4 and Fig. 4.6. 

Take the process optimization of laser power, laser speed, laser energy to achieve target 

density and microhardness of Ti-6Al-4V as an example. Our case study includes two 

combinations of target properties: (1) high density and medium hardness and (2) high density 

and high hardness. Density is divided into two classes: high and low; hardness is classified low, 

medium and high. To find the process parameters that achieve the first combination, the MOGA 

minimize the fitness function, 𝑓(𝒙), where 𝑓(𝒙) =  |�̂�(𝒙) − 𝜌ℎ𝑖𝑔ℎ| + |𝐻�̂�(𝒙) − (𝐻𝑣)𝑚𝑒𝑑𝑖𝑢𝑚|. (4.6) 𝒙 is a vector of processing parameters;  �̂� and 𝜌ℎ𝑖𝑔ℎ are the predicted and target (high) densities, 

respectively; and  𝐻�̂�  and (𝐻𝑣)𝑚𝑒𝑑𝑖𝑢𝑚 are the predicted and target (medium) hardness, 

respectively. The fitness function is similarly defined to optimize for high density and high 

hardness, 𝑓(𝒙) = |�̂�(𝒙) − 𝜌ℎ𝑖𝑔ℎ| + |𝐻�̂�(𝒙) − (𝐻𝑣)ℎ𝑖𝑔ℎ|. (4.7) 
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All values are standardized, that is, 𝑥: 𝑥 = (𝑥 − 𝜇)/𝜎, where 𝜇 is the mean and 𝜎 the 

standard deviation of 𝑥 to avoid implicit model bias from a difference in magnitude of the 

features. The test material was described in the Introduction using additively manufactured Ti-

6Al-4V samples. All Ti-6Al-4V samples were manufactured on ProX DMP320A (3D Systems, 

Littleton, CO) and EOS M290 (Elementum 3D, Erie, CO) 3D printers, as shown in Fig. 4.1(a), 

using Ti-6Al-4V Grade 23 with particle size distribution 15–45 μm, and a median diameter 

(D50) of ~34 μm. The powder layer thicknesses for the ProX DMP320A and EOS M290 are 30 

and 40 μm, respectively. Both machines were operated in within the same process window: 

50 ≤ P ≤ 500 W, 50 ≤ v ≤ 1400 mm/s, 20 ≤ E ≤ 350 J/mm3. 

The ProX DMP320A has a 275 × 275 × 380 mm build envelope with 500 W fiber laser 

operating at a wavelength of 1075 nm. A layer thickness of 30 μm was used. The EOS M290 has 

a build envelope of 250 × 250 × 325 mm with a 400 W fiber laser. A layer thickness of 40 μm 

was used. The samples were designed as 12 × 10 × 10 mm3 cuboids. Five samples were 

produced for each recommended process parameter combination. After removal from the solid 

titanium build plate, samples were cleaned using demineralized water to remove partially molten 

powder. The printed samples as shown in Fig. 4.1(b). 

The removed samples were separated from the support structure and polished on a Struers 

LaboForce 100. Vickers microhardness test were performed using a Leco M-400-G1 

MicroHardness Tester with a square diamond indenter at 500 g-force for 10 s. The diagonal 

lengths of the indentation were observed at 55X as shown in Fig. 4.1(d). Two samples were 

measured for each process condition, and for each sample, the mean of 5 measurements were 

made in the vertical (build) direction. The relative density of each sample was measured using 

the Archimedes method [55], and as with the hardness measurements, the mean taken from five 
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replicates. Fig. 4.1(c) shows a schematic of the measuring principle indicating the measuring of 

the mass in normal air and in the water. An Accuris analytical balance was used to measure mass 

with an accuracy of 0.1 mg. Ti-6Al-4V part density ρTi (g/cm3) was measured using the 

expression [55], 

𝜌𝑇𝑖 = 𝑚𝑇𝑖 · 𝜌𝑤𝑚𝑐𝑇𝑖 − 𝑚𝑐 , (4.8) 

where 𝜌𝑤 = 0.9982 𝑔𝑐𝑚3  is the density of water at 20 °C, 𝑚𝑇𝑖 is the mass of Ti-6Al-4V sample in air, 𝑚𝑐 is the mass of the container, water, and submerged sample holder, 𝑚𝑐𝑇𝑖 is the mass of the container, water, submerged sample holder and sample. 

Using the nominal density of Ti-6Al-4V (4.429 g/cm3) as a reference [56], the as-built Ti-6Al-

4V relative density in percent is (ρTi/4.429)×100%.  

The laser energy density is an important feature in AM process optimization. However, 

determination of the actual absorbed energy density depends on several features, including the 

temperature-and-geometry-dependent absorptivity, 𝜂 and the shape and phase of the material. In 

this process, we approximate the energy density, 𝐸 (J/mm3) by the equation: 

𝐸 = 𝜂𝑃𝑣ℎ𝑡 (4.9) 

where 

P = laser power (W), 

v = scanning velocity (mm/s), 

h = hatch spacing (mm), and 

t = the layer thickness (mm). 
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Although 𝜂 may vary during the build, it is expected to remain constant under steady-state build 

and melt pool conditions [6][10] . 

4.4 Data Collection and Research Objective 

The objective of this approach is to use data from literature or previous experiments, 

collected on a variety of additive manufacturing machines, to optimize for multiple target 

properties, even for machines not included in the original training data set. A 3D Systems ProX 

DMP320 and an EOS M290 printers were chosen for experimental evaluation. Fig. 4.3(a) shows 

that no ProX DMP320 printer data was used in the training data sets, and while both EOS M270 

and M280 printers are present in the model training set, the EOS M290 is not. Two sets of multi-

property process recommendation were designed for ProX DMP320A machine: high hardness-

high density and medium hardness-high density (denote as ProX HH or MH), and medium 

hardness-high density properties were designed as the objective for EOS M290 machine, denoted 

as EOS MH. These choices of property combinations are chosen to demonstrate that the model 

cannot only predict the parameters a company would want to use when adopting a new printer – 

i.e., how to print quality Ti-6Al-4V (medium hardness – high density), but that it can also predict 

parameters to avoid, such as those that result in over-embrittled (high hardness) material. 
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Figure 4.3 (A) Distribution of machines used for this collated additive manufacturing Ti-6Al-4V 
dataset, and (B-G) violin-histogram, Gaussian kernel density distributions for process 
parameters. The collected Ti-6Al-4V database are imported into Citrine Informatics [32]. The 
datasets chosen for training as case studies are as-built Ti-6Al-4V samples without heat-
treatment are shown in Table B.5 and Table B.6. 

The datasets of features have been drawn as statistical Violin-histograms with Gaussian 

kernel distributions, as shown in Fig. 4.3. The distributions of process parameters generally 

follow the same distribution, even when different machines are used, and reveal both typical and 

atypical values for adjustable parameters for printing Ti-6Al-4V: such as laser power range, 
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50~400 W; laser speed, approximately 600 mm/s; and laser energy, about 60 J/mm3. Although 

other collected data–such as yield strength, ultimate tensile strength, and strain–are reported in 

the literature, a more complete set of relative density and microhardness data for as-built Ti-6Al-

4V is present. The unabridged set of collected Ti-6Al-V properties are provided in Table B.3. 

This dataset has also been imported into Citrine Informatics [32]. From this unabridged dataset, 

the property relative density and microhardness were selected as case studies to evaluate the 

effectiveness of the learning framework. Specifically, one hundred thirty-two relative density 

measurements and forty-nine microhardness measurements were extracted and are presented in 

Table B.5 and Table B.6, respectively‡‡‡.  

4.5 Relative Density 

Fig. 4.4(b) shows distribution patterns for the relation between laser energy density and part 

density. It shows the maximum density of the part can be obtained for an optimized energy 

density Eopt of about 50-100 J/mm3. At lower energy density, E < Eopt, the probability of 

producing part with defects is high, mainly due to incomplete melting of powder [57]. These 

lack-of-fusion defects result in sharp, elongated, crack-like pores [15][40][58]. On the other 

hand, an excessive laser energy density, E > Eopt, results in material vaporization and the 

formation of keyhole defects. These promote the formation of small spherical pores and reduce 

part density [23][27][40][59]. However, laser energy is insufficient to predict the physical and 

mechanical properties of the part. For example, [7] shows that for the same laser energy density, 

the residual porosity and microstructure are very dissimilar, leading to different mechanical 

properties. In this sense, a wider analysis on the process parameters included in the model is 

 
‡‡‡ Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive Manufacturing 
Printers”, Additive Manufacturing (2021):101877. 
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necessary. The relationship between part density and laser speed shows a similar pattern to laser 

energy, the maximum density of a part is achieved around an optimized laser speed, vopt, of 500-

1000 mm/s. Laser speed below 500 mm/s or above 1000 mm/s both reduce part density, owing to 

the formation of lack of fusion and keyhole defects, respectively. However, laser energy density 

and laser speed are insufficient to ensure optimal part densities. Although no clear optimum 

parameter exists for laser power, hatch spacing, mean powder size, and layer thickness 

themselves, as seen in Fig. 4.4, these settings combine to impact the part density. This indicates 

that predicting Ti-6Al-4V density from processing parameters is a complex, multiparameter 

optimization. 

From previous literature, pores and defects are less detrimental to the mechanical properties 

of parts with density greater than 99%. Contrarily, the tensile strength, fatigue life, and hardness 

of the part will be dramatically affected when the density drops below 95% [60][61]. After post-

processing heat treatments, these high density parts have satisfied aeronautical industry 

requirements for parts having less than 1 volume percent porosity [62]. Based on our statistical 

analysis in Table 4.3 for part density discretization with respect to microhardness property, the 

part density is discretized at [90, 95.5%], (95.5%, 98.5%] and (98.5%,100%]. It shows the 

statistical relations between part density and mechanical property in our collected datasets by 

putting a density interval threshold of 98.5%. Therefore, for the analysis of part density in this 
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chapter section, parts with density greater than 98.5% have been classified as high density; and 

those less than 98.5%, low density§§§. 

 

 

Figure 4.4 (A-F) process parameter’s distribution versus part relative density across Ti-6Al-4V 
AM systems. 

Providing relatively few samples, data from literature supports a more statistical sampling if 

divided into categorical values rather than attempting point estimation. Laser speed, laser energy 

density, laser power, hatch spacing, mean powder size, and layer thickness have been discretized 

and categorized, with results listed in Table 4.1. Since layer thickness was not divided–that is, no 

statistically distinct categories were found–this feature is degenerate and, therefore, removed in 

subsequent density modeling. Four machines are used in the relative density database: EOS 

 
§§§ Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive Manufacturing 
Printers”, Additive Manufacturing (2021):101877. 
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M270/280, Concept laser M/M2/M3, SLM 100/125/250/280 HL and a bespoke system (LM). 

Then, Analysis of Variance (ANOVA) was performed for feature selection. Statistical 

coefficients for part density are presented in Table 4.2. F-values in Table 4.2 indicate that the 

laser energy, with an F-value of 28.7, correlates most strongly with density. Mean powder size 

and machine type, with F-values less than 4, are less significant. Following energy, in decreasing 

order of their correlation with density: laser speed, laser power, hatch spacing, machine type, and 

finally mean powder size. Although the CHAID decision tree splits machine type at an alpha-

merge threshold of 0.05, the F-value of machine type is only marginally greater than mean 

powder size, indicating a weak correlation. Therefore, subsequent models exclude mean powder 

size, machine type, and layer thickness****. 

 
Table 4.1 Continuous feature Chi-square test discretization for datasets that report density. The 
p-values lower than 0.05 shows the discretization effectiveness [42]. Mean powder size, 
highlighted in red, is found in Table 4.2 to have p ≥ 0.05 with respect to density. 

Factor Intervals DOF Chi-square p-value 

Power 
[40, 121], 
(121, 400] 

1 18.54 0.000 

Speed 
[50, 550], 

(550, 1050], 
(1050, 2500] 

2 23.68 0.000 

Hatch spacing 
[40, 72.5], 

(72.5, 97.5], 
(97.5, 175] 

2 19.49 0.008 

Mean powder size 
[20, 31.5], 
(31.5, 42] 

1 22.92 0.000 

Laser energy 

[18, 32.7], 
(32.7, 46.5], 
(46.5, 122.9], 
(122.9, 550] 

3 53.05 0.000 

 

 

Fig. 4.5 summarizes the model and its performance. The Bayesian posterior of observing a 

high density given a specific set of parameters is proportional to the product of the prior 

 
**** Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive Manufacturing 
Printers”, Additive Manufacturing (2021):101877. 
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probability of finding a high density and the conditional probability of observing that set of 

parameters. These probabilities are presented in the center and around the perimeter for each 

build parameter in the graphical representation of the model results in Fig. 4.5(a), and provide a 

summary of the power, speed, hatch spacing, and energy densities that correlate to high density 

parts. The correlation between laser energy density–a composite feature of the laser power, hatch 

spacing, and laser speed–and part density, being stronger than its constituent parameters, 

indicates the interdependence of these parameters on part density; that is, one cannot accurately 

control density by adjusting one parameter, these must be changed together. A high part density 

correlates strongly to laser energy densities between 47 and 123 J/mm3. 

 

Table 4.2 ANOVA test of feature effects for part density. Features with a larger F-value correlate 
more strongly to density. p-values less than 0.05 are considered significant [42]. The null 
hypothesis cannot be rejected for features highlighted in red. 

Factor DOF SSR MSR F-value p-value 

Power 1 1.440 1.440 9.009 0.003 
Speed 2 4.776 2.388 14.097 0.000 

Hatch spacing 2 1.362 0.681 4.174 0.018 
Mean powder size 1 0.640 0.640 3.786 0.050 

Machine type 3 1.523 0.762 3.922 0.025 
Laser energy 3 10.703 3.568 28.674 0.000 

 

 

The confusion matrix, also known as an error matrix of the ML model, is presented in Fig. 

4.5(b). In the matrix, of the 95 high density samples and 37 low density samples, the model 

correctly predicts 113 and misclassifies 19: a prediction accuracy of 85.61%, 27% Type I error 

(False positive), and 9.5% Type II error (False negative). Fig. 4.5(c) shows that a ten-fold cross 

validation estimates a 14.9% out-of-sample model error for predicting density levels. This 

suggests that the model does capture the process-property relations from the datasets and can 

generalize to data outside the training set. 

 



 
 

115 

 

 

Figure 4.5 Summary of a model that correlates relative density to processing conditions. (A) 
Model knowledge representation for producing high density parts that shows the Bayesian 
likelihood of each process parameter. Strongly correlated parameters are highlighted in red. The 
representation of low density is shown in Fig. A11. (B) The model confusion matrix indicates an 
overall model accuracy of 85.6%. (C) 10-fold cross validation was used to estimate the model 
error for predicting density levels at approximately 14.85%. (D) ROC curves for Naïve Bayes, 
Support Vector Machine and Logistic Regression models of part density. Naïve Bayes 
outperforms both SVM and LR models from the AUC value. Fig. A13 shows the corresponding 
confusion matrix from support vector machine and logistic regression models. 

The utility of the model is further quantified in the ROC curve in the Fig. 4.5(d). Despite the 

logical connection between a “positive” classification and high density and a “negative” 

classification and low density, analyses of the ROC curve and confusion matrix depend on using 

the less likely event as “positive” and the more likely event as “negative,” which presents the 

worst-case performance of the model. The area under the ROC curve (AUC) quantifies how far 
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the model performance deviates from a perfect classifier. The AUC for the NB model is 0.88, 

which outperforms both SVM and LR models. 

4.6 Microhardness 

The relationships of part mechanical properties and density levels of an AM Ti-6Al-4V part 

are known to be complicated by the thermal history of constituent phases, their morphology, 

characteristic length scales, and the size and orientation of the α phase and prior-β grains 

[6][10][23][62][63]. From Fig. 4.6(a-b), higher hardness can be achieved with a lower laser 

speed or higher laser energy density (>150 J/mm3). The hardness of as-built samples is known to 

be determined by the microstructure and constituent phases. Acicular α-Ti in columnar prior-β 

grains is widely reported in AM Ti-6Al-4V due to cooling rates in excess of 410 K/s. The prior β 

grain boundaries follow the direction of thermal extraction, elongating the β grains in the build 

direction. Since AM is a layer-by-layer processes, subsequent passes thermally cycle previous 

layers, reforming and coarsening 𝛽 and coarsening existing α grains. Thus, the grain size of α 

generally increases with increasing input energy density as does the hardness [6][21][64]. As 

shown in Fig. 4.6(g), sufficiently low densities cause lower hardness, hardness value are more 

scattered at higher laser energy input, but when relative density is larger than 0.96 there is no 

clear correlation between hardness and density. Therefore, to achieve target part densities, it is 

necessary to carefully control laser energy density during the LPBF process. For other process 

features, there is no clear correlations between output property.  

In general, AM Ti-6Al-4V is stronger than wrought Ti-6Al-4V but has a lower ductility than 

is required for some structural applications. This is because the presence of hcp α in columnar 

prior-β grains [21], which has been shown to have a higher microhardness than the bcc β phase 

[65][66]. The hardness level classification model sets 345-390 Hv as medium hardness, which is 
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the favorable part quality, being neither too low nor too high. A value greater than 345 Hv is 

comparable with the nominal (Grade 5) wrought Ti-6Al-4V hardness [67]. The as-built Ti6Al4V 

microstructure has a very fine acicular (plate-like) α phase morphology due to the inherent rapid 

cooling [10][11][62]. This microstructure morphology exhibits a high strength and hardness and 

low ductility, and can be detrimental to fracture toughness [68]. The prevalence of the α phase 

rather than the β phase leads to a higher hardness, approximately 399 Hv, compared to 338 ± 5 

HV for wrought Ti-6Al-4V [69]. However, the hardness of as-printed Ti-6Al-4V varies widely 

depending on the process parameters, between 300 and 500 Hv [10][70]. Considering these 

reported hardness variations, we define hardness larger than 390 Hv as too high, which may 

indicate an ultrafine lamellar (α+β) microstructure that is unlikely to achieve the 7-8% elongation 

failure of mill-annealed Ti-6Al-4V [6] [12][21][71]. A microhardness less than 345 Hv is 

considered low, indicating parts with excessive defects and leading to inadequate ductility 

(failure strain < 4% and low toughness) [6][21][72]. 

The 𝜒2 test discretization results for original continuous microhardness datasets are shown 

in Table 4.3. The hatch spacing is not listed as no statistically significant interval is observed in 

the reported hatch spacings, so it is excluded in subsequent modeling. The ANOVA analysis of 

microhardness datasets for feature significance rankings was performed for select features and 

presented in Table 4.4. From the F-values and p-values, the part relative density is closely related 

with hardness, and the relevant process features, in order of importance, for microhardness are 

laser power > laser speed > laser energy > powder mean size > machine type > layer thickness. 

The analysis of p-values of features in Table 4.4 further refine this order to reveal that laser 

speed, power, energy, mean powder size and part density are especially significance features for 

the prediction of microhardness. Similar to the case of relative density, although the p-value of  



 
 

118 

 

 

 

Figure 4.6 (A-F) process parameters’ distributions versus microhardness across Ti-6Al-4V AM 
systems; and (G) the relationship between relative density and microhardness. 

Table 4.3 Continuous feature Chi-square discretization test for datasets that report 
microhardness. It shows each property and their associated intervals. Layer thickness, 
highlighted in red, is shown in Table 4.4 to have p ≥ 0.05 with respect to the microhardness. 

Factor Intervals DOF Chi-square p-value 

Power 
[40, 46], 
(46, 105], 
(105, 400] 

2 29.07 0.000 

Speed 
[50, 250], 

(250, 930], 
(930, 1500] 

2 30.40 0.000 

Layer thickness 
[20, 45], 
(45, 50] 

1 9.29 0.029 

Mean powder size 
[20, 32.5], 
(32.5, 42] 

1 22.97 0.000 

Laser energy 

[18, 51.5], 
(51.5, 76.8], 
(76.8,110], 
(110, 550] 

3 32.69 0.000 

Part density 
[90%, 95.5%], 

(95.5%, 98.5%], 
(98.5%, 100%] 

2 35.60 0.000 
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Table 4.4 ANOVA test of the effect of processing conditions on microhardness. Features with a 
large F-value and low p-value statistically correlate to microhardness. A p-value of 0.05 was set 
as the threshold to include a feature as a model input based on its statistical significance [42]. 

Factor DOF SSR MSR F-value P-value 

Power 2 6.652 3.326 10.021 0.000 
Speed 2 6.618 3.309 9.949 0.000 

Layer thickness 1 0.585 0.585 1.289 0.262 
Powder mean size 1 4.677 3.742 7.521 0.001 

Machine type 3 6.204 3.102 3.434 0.041 
Laser energy 3 7.628 2.543 8.006 0.000 
Part density 2 9.436 4.718 17.388 0.000 

 

Machine type is below the alpha-merge threshold, the machine type feature is excluded from the 

model because of its similar F-value to layer thickness. Based on their weak correlation, hatch  

spacing, machine type, and layer thickness are excluded from model††††. 

The conditional probability 𝑝(𝒙|𝐶𝑚) indicates the likelihood that a processing feature, 𝒙, 

was used to produce a target microhardness, chosen to be between 345 and 390 Hv. As seen in 

Fig. 4.7(a), several features correlate strongly to this range of microhardness: laser power 

between 46 and 105 W, laser speed between 250 and 930 mm/s, a mean powder diameter larger 

than 32 µm, and a laser energy density, as calculated from Equation (9), between 51.5 and 

76.8 J/mm3. Microhardness measurements larger than 390 Hv are more correlated with laser 

velocities below 250 mm/s, while lower microhardness measurements, less than 345 Hv, are 

more common at laser velocities above 930 mm/s. 

A confusion matrix for microhardness model is in Fig. 4.7(b). Out of 49 samples, the model 

correctly predicts 43 and misclassifies 6, for an overall prediction accuracy of 88%. As in the 

density model, a ten-fold cross validation has been used to estimate an out-of-sample error of 

16%, Fig. 4.7(c). The ROC curves of medium hardness versus the rest class in Fig. 4.7(d) shows 

 
†††† Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive Manufacturing 
Printers”, Additive Manufacturing (2021):101877. 



 
 

120 

 

that, with an AUC value of 0.93, NB slightly outperforms both SVM (0.90) and LR algorithms 

(0.89). 

 

 

Figure 4.7 Summary of a model that correlates microhardness to processing conditions. (A) 
Model knowledge representation for producing medium hardness parts that shows the Bayesian 
likelihood of each process parameter. Strongly correlated parameters are highlighted in red. The 
representation of low and high hardness is shown in Fig. A12. (B) The model confusion matrix 
indicates an overall model accuracy of 88%. (C) 10-fold cross validation was used to estimate 
the out-of-sample model error at 16%. (D) ROC curves of medium hardness class for Naïve 
Bayes, Support Vector Machine and Logistic Regression models. Naïve Bayes slightly 
outperforms both SVM and LR models from the AUC value. Fig. A14 shows the corresponding 
confusion matrix for support vector machine and logistic regression models.  
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4.7 Experimental Validation of Model Predictions 

Fig. 4.8 shows the results for the 25 build processing conditions for the ProX DMP320A and 

8 processing conditions for the EOS M290 that were recommended to achieve target hardness 

and density combinations based upon the trained Naïve Bayes models and process optimization. 

These processing conditions are listed in Table B.4. For each processing condition, five samples 

were produced, and from each sample, ten test coupons for microhardness and five for 

Archimedes density to calculate property statistics. Experimental results are plotted in Fig. 4.8, 

corresponding to ProX MH (medium hardness–high density), ProX HH (high hardness–high 

density), and EOS HH, respectively. The EOS results indicate industry use scenario #1 (as 

described in the introduction), where a company is adopting a new model of machine from the 

same manufacturer. For the ProX data, samples labeled with black font (from the MH1-MH8 and 

HH1-HH5 build conditions) indicate industry use scenario #2, where a company is adopting a 

machine from a different manufacturer than before, but using relatively similar technology – in 

this case, we simulated this scenario by limiting our laser power choices to 0 to 300 W, even 

though the machine had a 500 W laser available. The samples labeled with red font (from the 

MH9-MH14 and HH6-HH11 build conditions) indicate industry use scenario #3, where a 

company adopts a machine with a higher laser power– in this case, we limited the laser power 

choices from 350 to 500 W – power ranges well outside of those available in the training dataset. 

The results for both scenarios #1 and 2 perform similarly: most predictions fall within 

established optimization targets, which is clear from the overlap between the box plots and the 

shaded regions for these cases. Somewhat surprisingly, the ProX (Fig. 4.8(a, b), Scenario 2) 

predictions exhibited better performances for the combined medium hardness – high density 

condition than did the EOS M290 (Fig. 4.8(e, f), Scenario 1). Several EOS M290 process 
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conditions that were estimated to display a medium hardness exceeded the expected hardness 

window. 

  

 

Figure 4.8 Experimental measurements for samples printed on (A-D) ProX DMP320A (“new 
machine does not exist in training”) and (E-F) EOS M290 (“new EOS version”) with print 
parameters estimated from ML models and optimized for multiple properties. Extrapolation to 
laser power above those available in the training data sets for ProX MH samples 9–14 and ProX 
HH samples 6–11 (in red), and interpolation otherwise. The property target region is highlighted 
in yellow. 

Regarding extrapolation (Scenario 3), the models performed better for smaller extrapolation 

(MH9 and HH6), as expected. As predictions were extrapolated to laser powers in excess of 

350 W, the model for medium hardness – high density (i.e., high quality Ti-6Al-4V) worked 

better than the model for high hardness – high density (i.e., over-embrittled Ti-6Al-4V). This 

result, better extrapolation results for high quality material, likely originates from the majority of 

the data reported in the literature, i.e., the training data, being reported for high quality Ti-6Al-

4V (Fig. 4.6). However as is often the case with extrapolation, this result is specific to this model 

under these conditions and is not expected to extend reliably to other models. This performance 

reinforces the need for data about non-ideal process conditions that lead to build failure—e.g., 
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cracking, delamination, warpage, etc.—be recorded and reported in addition to data about 

process conditions that produce quality builds in order to enable statistics-based models to guide 

the users away from problematic parts of the process design space.  

4.8  Discussions 

In 2015, Zoubin reported upon how a machine can learn from experience using Bayesian-

based learning [73]. Bayesian modeling provides a generalized learning framework and is one 

approaches for designing machines that learn through experience and exposure to new data 

[73][74]. In machine learning models of metals AM, uncertainty comes in several forms. There 

is measurement uncertainty, variability in the data, such as variability in powder size distribution 

or unrecorded variations in laser speed. There is also uncertainty and error in model training that 

arise from incomplete data; each datum represents a single point in high dimensional problem 

space, but nothing is known about unmeasured, neighboring points. Bayesian learning is capable 

of accounting for these and other forms of uncertainty [75], and can be used to represent 

uncertain, unobserved quantities. The Naïve Bayes model was trained from an incomplete set of 

observations through the transformation of an assumed gaussian prior and conditional likelihood 

distributions, which describe what is known about future observations based on previous data, 

into posterior distributions. To generate relatively complete and comparable datasets from 

literature, processing parameters and target properties have been kept intentionally simple. Other 

properties, such as chemical segregation or part warping, while useful in understanding the AM 

process, are more abstract, and require more details—such as part size and shape, build layout, 

and tool path—than are often reported in literature to place that data into a usable and 

interpretable context. While the proposed approach is expected to support such complex data, 



 
 

124 

 

this data would first have to be recorded in a more structured format for materials and 

manufacturing data and metadata [76]. 

Many regression models have been constructed to predict property values. These are often 

combined with a search algorithm, such as Monte Carlo or particle swarm optimization, to 

predict a property values or optimize AM processing conditions [77]. Aboutaleb, et al. have 

similarly taken values from literature to optimize laser-based AM [78]. Their sequential learning 

approach treats the response (density) as a function of the process parameters with an explicit 

random variable accounting for the difference between data sets—that is, experimental and 

procedural differences between the various sources. The statistics of this random variable are 

learned through the sequential learning workflow, proposing new process parameters based on 

their locality to existing optima and incorporating information from subsequent iterations. And 

although regression-and-search approaches can extend to higher dimensions, the interplay 

between process conditions, machines, source materials, build geometry, part location, and many 

other factors result in a large intrinsic variability in AM processes–property relationships, 

challenging these iterative models. 

The current method addresses these challenges, but at the cost of model fidelity. The 

variability in process conditions grows with the size of the data collected from literature, leading 

to an optimization between a large number of sources, which will decrease extrinsic model error, 

and the concomitant increase in the number of uncontrolled parameters, which increases the 

intrinsic model error. More specifically, too few sources report laser spot size for this parameter 

to be included in the present work; and therefore, laser spot size becomes an uncontrolled 

variable in these models. Other relevant parameters that were necessarily excluded: average 

grain size, composition, inclusion density, and alpha lathe morphology, among others. However, 
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even if data sourced from literature does not suffice for an accurate regression model, it may 

suffice for a coarser classification of expected outcomes. It is for this reason that continuous 

variables have been transformed into discrete values in this work. Furthermore, by using an 

approach such as CHAID to deterministically partition the measured properties into statistically 

distinct classes, no specialized domain expertise or a priori knowledge is assumed about the 

number of classes present in the data set. As with build parameters, whose classification 

boundaries are based on their chi-squared statistic, classification boundaries in the target 

properties are defined by the range and distribution of observed values. Statistically distinct 

values of a target property can be predicted using Naïve Bayes, but statistically indistinguishable 

properties cannot and only contribute to intrinsic model error, affecting the model accuracy. 

4.8.1 The Bayesian Learning Guides 3D Printing on New Printers 

One of grand challenges in real-world applications is to fully automate the process of 

learning and to explain statistical models from data. The Bayesian learning framework could be 

useful to almost any field that is reliant on extracting knowledge from data. In this chapter 

section, Bayes-based models were used for building the process-property correlations of metals 

AM, and more specifically LPBF Ti-6Al-4V. It can generalize to any number of features and 

handle different sources of uncertainty from prior data. The Bayesian formulation can 

incrementally update model parameters as well as generalize data uncertainties as new 

observations are made available (online learning). In sum, the model trained on prior collected 

knowledge on a variety of sources or printers could guide experiments on new printers. Even for 

new 3D printer ProX DMP320 or newest version EOS M290, which are not included in our 

training data, the first experimental attempts to hit target multiple properties achieved good 

results. This indicate that even different machines that rely on comparable, though not identical 
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processes, can be used to train reliable models, and present a sufficient degree of similarity in 

terms of process parameter–property relationships: knowledge obtained to achieve one set of 

properties on one set of machines can be transferred to other machines. 

These distinct regions of statistically similar behavior are consistent with what is known 

about the microstructural phenomena that impact AM Ti-6Al-4V. The hardness of as-built 

samples is known to be determined by the microstructure and constituent phases. Acicular α-Ti 

in columnar prior-β grains is a widely reported microstructure of LPBF Ti-6Al-4V. The 

formation of acicular α is commonly observed at cooling rates greater than 410 K/s. The prior β 

grain boundaries follow the direction of thermal extraction, elongating the β grains in the build 

direction. As a layer-by-layer processes, AM creates complex thermal histories that depend on 

laser energy, velocity, and other build parameters. The deposition of subsequent layers thermally 

cycles previous layers, leading to the development of complex α microstructures that are 

responsible for the increased hardness [6][21][64]. The correlation between high microhardness 

and low laser velocities is known, with higher melt temperature and correspondingly large 

temperature gradients leading to rapid cooling conditions, conditions that form fine lamellar 

microstructures and increase hardness in Ti-6Al-4V. Volume of harder hcp phase(s) will increase 

if more energy is applied to materials by lowering the scanning velocity or increasing laser 

energy density [15][40][58]. The correlation between low microhardness values and low laser 

energy density can be understood from the formation of lack of fusion defects, which are known 

to occur at high laser velocities and lower the hardness [79]. 

4.8.2 Data Collection is Limited and Biased to Good Properties 

For this work, data are collected from 121 sources that report the effects of laser power, 

laser speed, energy density, hatch spacing, layer thickness and mean powder size on either 
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density or mechanical properties. It is noteworthy to mention that although features excluded 

from the model may not be significant in model training does not imply these features are 

unimportant to achieve a successful build.  

No representation of AM parameters is exhaustive and may omit potentially important 

information such as chamber shielding gas types, powder blade spreading method, environment 

temperature and pressure details, and differences in laser energy distribution. In addition, values 

reported in literature are not unbiased: good AM part properties are reported with much greater 

frequency, almost to the exclusion of bad values. This imbalance introduces a data problem when 

the data points of one class (successful builds) significantly outnumber the points of the other 

(failed builds). Therefore, models trained on this data are able to predict build conditions that are 

likely to succeed, but not build conditions that are likely to fail. 

However, Bayesian-based leaning is broadly capable of handling classification from 

imbalanced data [73]. In recent years, the imbalanced learning problem has received much 

attention from ML community. Approaches to address this problem include algorithms such as 

Bayesian-SVM and weighted extreme learning (WEL) [80][81], data sampling [82], cost-

sensitive learning [83] and ensemble techniques [84]. In imbalanced problem domains, a well-

known approach to evaluate the classifiers’ performance is to use ROC curve. In Fig. 4.5(d) and 

Fig. 4.7(d), the ROC graphics were carried out using specific metrics (e.g. True positive rate, 

TPR, True negative rate, TNR, False positive rate, and False negative rate) to take into account 

imbalanced class distribution. This plot allows the visualization of the trade-off between the 

benefits (True positive rate) and costs (False positive rate). The area under ROC curve generally 

shows that Bayesian classifiers outperformed other classifiers like SVM and logistic regression 

methods. 
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It is noted that ROC curve is a graphical plot that illustrate the diagnostic ability of binary 

classifier system as its discrimination threshold is varied. For multiclass classifier of hardness 

case, Fig. 4.7(d) solely describes the ROC curve of class medium hardness which is insufficient 

for indicating the multiclass classifier’s performance under imbalanced data. Naïve Bayes is 

naturally extensible to the multi-class case using maximum a posteriori (MAP) probability. It 

was shown to perform well in spite of the underlying simplifying assumption of conditional 

independence. Extensions to handle the multiclass classification case have also been proposed 

for other classifiers whose basic algorithms support only binary classification, like SVM and 

logistic regression, using one-vs-rest or one-vs-one approaches [85][86]. In one-vs-rest, each 

class is taken in turn as the positive condition, the remaining classes, collectively, as the negative 

condition. This approach requires that each model predicts a class membership probability or a 

probability-like score. The class with the highest predicted probability is selected. One-vs-rest 

requires fewer models while one-vs-one is less prone to imbalance in large datasets. Given its 

relatively small size, the microhardness dataset is classified using the one-vs-rest approach. 

Multiclass models generate N-ROC curves for N-classes using the one-vs-rest methodology 

and a macro average is used to evaluate the overall performance of the multiclass classifier. To 

treat all classes equally, an average is taken from metrics calculated independently for each class 

[87][88]. Fig. 4.9 represents the extension ROC curve on multiclass NB, SVM and LR 

classifiers. The AUC of all three classifiers are about same, 0.96, which indicates all exhibit 

good classification performance. Further, Fig. 4.9 shows that the AUC for class 1 (medium 

hardness) is slightly higher than other two. The results of Fig. 4.5(d) show that the NB model for 

relative density significantly outperforms the other two classifiers. Therefore, the NB model is 

able to capture the process-property relations for hardness and density for AM Ti-6Al-4V. 
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Figure 4.9 Extension of ROC curve to multi-class classifier (A) NB (ROCnb), (B) SVM 
(ROCsvm) and (C) LR (ROCLR) models, in which ROC curve of each class and average are 
presented (Ave and Med represent average and medium). 

4.8.3 Process Optimization for Multiple Tailored Properties in AM Parts 

The traditional methods for building AM parts with desired properties is often challenging, 

requiring extensive, iterative experimentation or simulation. In this chapter, Bayesian models are 

combined with the MOGA workflow to enable the simultaneous optimization of multiple 

properties through models that capture the indirect consequences of existing domain knowledge. 

One limitation of the current method is that the current model uses voting logic to select a 

category. If, for example, a model predicts a 43% chance that a sample will have high hardness, 

a 54% chance that it will display medium hardness, and a 3% chance that it will have a low 

hardness, the sample will be reported as having medium hardness, according maximum a 

posterior (MAP) decision rule in Equation (5). In this hard-clustering approach, each data point 

can only belong to exactly one cluster. Another option is soft clustering, which uses the 

probability as a measure of character of a result, such that data points can belong proportionally 

to multiple clusters. That is, the property 𝐶𝑖’s membership grades 𝑝𝑖(𝐶𝑖) are assigned to each of 

data points. In the previous example, the reported hardness would be easily written as 
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⟨𝐻𝑣⟩ = 0.43 𝐻𝑣ℎ𝑖𝑔ℎ̅̅ ̅̅ ̅̅ ̅ + 0.54 𝐻𝑣𝑚𝑒𝑑̅̅ ̅̅ ̅̅ ̅ + 0.03 𝐻𝑣𝑙𝑜𝑤̅̅ ̅̅ ̅̅                                  (4.10) 

The membership grades 𝑝𝑖(𝐶𝑖) indicate the degree to which data points belong to each cluster. 

For example, a data point that lies close to the center of a cluster will have a high degree of 

membership in that cluster, and another data point lies far away from the center of a cluster will 

have a low degree of membership to that cluster. The center of cluster is estimated based on a 

kernel density estimate of the observed data as  

      𝐻𝑣𝑖̅̅̅̅ = ∫ 𝑥 𝑝(𝐻𝑣𝑖 )𝑑𝑥𝐻𝑣𝑖 (𝑢𝑝𝑝𝑒𝑟)𝐻𝑣𝑖(𝑙𝑜𝑤𝑒𝑟)                                                      (4.11) 

This can be extended to an arbitrary property ⟨𝐶⟩ over an arbitrary number of categories, 
⟨𝐶⟩ = ∑ 𝑝𝑖(𝐶𝑖) ∫ 𝑥 𝑝(𝐶𝑖|𝑥)𝑑𝑥𝐶𝑖(𝑥𝑢𝑖 )

𝐶𝑖(𝑥𝑙𝑖)𝑖                                                (4.12) 

Although only two properties, density and microhardness, are considered in this chapter section, 

the method can be easily generalized to more properties for processing optimization. 

4.9  Conclusions 

Over the past decade, experimental and simulation data to describe metals AM has increased 

exponentially to assist in the development and optimization of the AM process. Compared with 

the traditional approaches, data mining-assisted machine learning efforts can be an effective way 

to accelerate this process. One such method is through knowledge transfer supported by existing 

literature. However even in published data where experimental procedures follow accepted best 

practices, data cannot be directly compared in high-dimensional problems such as AM. Often 

beyond the scope of the individual report, these data do not consistently record composition, 

microstructure, thermal history, part shape and orientation, starting powder composition and 

density, and other important process and material properties. The method described in this work 

presents an approach for simultaneously optimizing multiple target properties, using density and 
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hardness as prototypical examples, whose optimization criteria have been chosen to suit a 

specific, though in this case study hypothetical, application—from models trained on data 

sources from literature; more generally, from data sources that do not originate from a 

coordinated research effort. Therefore, the models trained in this work have acknowledged that 

these uncertainties inexorably limit model precision. With source data whose intrinsic error does 

not support reliable point estimation, the intersection of features from the corpus of disparate 

data sources are segmented using CHAID to determine statistically distinct domains for both 

input and output features, building models that estimates the system response not to a value but 

to a range. This limits the set of outcomes to a small, finite set that is statistically supported by 

the limits of the available data. 

To demonstrate the framework’s capabilities, we have collected, correlated, and ranked the 

manufacturing conditions and fabricated part properties from multiple printers in over 120 

manuscripts. We then apply Bayesian models to build bidirectional process–property correlations 

for property prediction and process optimization. Finally, a global multiparameter optimization 

genetic algorithm is applied to simultaneously optimize across multiple properties and evaluate 

the feasibility of cross-machine knowledge transfer. Predicted property categories are 

experimentally verified on AM machines outside the set used to train the underlying models. The 

theoretical analysis and experiments results illustrate the effectiveness of developed framework 

for cross-machine knowledge transfer to incorporate existing domain knowledge into metal AM 

process development and process-property modeling for 3 different scenarios: 1) a company 

adopting a new model of a machine of similar technology and the same manufacturer, 2) a 

company adopting machine of similar technology from a different manufacturer, and 3) a 

company adopting a new machine with a higher powered laser. These models demonstrate the 
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ability to leverage even small existing data sets to optimize across multiple properties through a 

method that automatically adjusts the precision of the model to the statistical significance of the 

source data. Process parameter recommendations from such a model, though informed by an 

incomplete representation of the governing physics and metallurgy, can serve as a starting point 

for a more thorough analysis, such as sequential optimization [78]. 

With the explosive growth in metals AM publications, it is becoming increasingly difficult 

to create and maintain up-to-date, manually curated databases. There is a clear need to 

standardize reporting of metals AM data and to develop text-mining tools to extract data from 

published texts, with the ultimate goal of automatically generating a findable, accessible, 

interoperable, and reusable (FAIR) compliant metals AM database. 
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4.11  Corrigendum 

Corrigendum to “Machine Learning for Knowledge Transfer Across Multiple Metals Additive 

Manufacturing Printers”, Additive Manufacturing (2021):101877, Sen Liu‡‡‡‡1, Aaron P. 

Stebner1,2, Branden B. Kappes§§§§1,3, Xiaoli Zhang*****1 

 

The authors regret an error in reporting that the ChiMerge algorithm had been used for 

classification rather than the correct Chi-square Automatic Interaction Detection (CHAID) 

decision tree [1]. The CHAID decision tree is used to identify the categories (or intervals, for a 

continuous input variable) that are statistically distinct with respect to a categorical response 

variable. At each split, classes from each feature—features taken one-at-a-time—are merged 

iteratively until the correlation table formed from the parent categories and the merged set of 

feature categories has a p-value below a user-defined threshold, the alpha-merge threshold. If 

this threshold is not attained—that is, no statistically distinct splits can occur from the parent—

then the parent is a leaf node. Since this work is only concerned with the statistically distinct 

feature splits with respect to the response variable, each CHAID decision tree has been restricted 

to a depth of 1. An alpha-merge threshold of 0.05 was selected; that is, merging continues until 

all pairs of intervals exceed the 𝜒2-threshold of 4.6, which corresponds to a 90% confidence 

interval. Machine Type was excluded from this merging-to-create-intervals process, with each 
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machine type considered a unique class to enable modeling across previously seen and unseen 

printers. 

A second related error is noted in reporting that the choice of using a 98.5% density 

threshold in dividing low- from high-density originated from using the ChiMerge algorithm. This 

is incorrect. The choice of using 98.5% as a low- vs. high-density threshold was based on prior 

art. From previous literature, pores and defects are less detrimental to the mechanical properties 

of parts with density greater than 99%. Contrarily, the tensile strength, fatigue life, and hardness 

of the part will be dramatically affected when the density drops below 95%, [2,3]. After post-

processing heat treatments, these high-density parts have satisfied aeronautical industry 

requirements for parts having less than 1 volume percent porosity [4]. Therefore, parts with 

density greater than 98.5% have been classified as high density; and less than 98.5%, low 

density. 

The authors acknowledge and thank colleagues that attempted to reproduce our results for 

their feedback on difficulties they were having in doing so, which brought these issues to light. 

Additionally, it is noted that the published data set was the raw data set, not the cleaned and 

filtered data used for ML modeling. To ameliorate this uncertainty, the cleaned and filtered 

datasets are now provided here with this corrigendum as Table B5 and Table B6. 

The authors would like to apologise for any inconvenience caused. 
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CHAPTER 5 

CONCLUSIONS AND FUTURE WORK 

5.1  Conclusions 

Within the broad area of autonomous material design and manufacturing, the research of this 

dissertation primarily spans three themes: automated microscopy image or data analysis, physics-

informed ML for alloy design, and quality optimization acceleration of AM process. 

At first, an automated and robust method for materials characterization data analysis is an 

urgent need to efficiently transform, process, visualize and quantitatively describe the 

experimental data into physically relevant information. In Chapter 2, we have developed an 

automated image segmentation and quantification framework for high-resolution TEM image 

characterization during materials design. The developed method is based on an unsupervised 

machine learning and a couple of computer vision techniques that is operated on Fourier space to 

automatically identify, segment, and quantify phases with a nano-scale resolution and at a fast 

rate, allowing for quantitative correlation between materials’ structural formation, processing, 

and functional properties. Furthermore, this study has the potential to pave the road for 

compression, visualization, and translation of raw image data into physically relevant 

information in real-time. 

Secondly, the limited and highly sparse experimental data for alloy design is often an 

obstacle for the application of ML models for property design and optimization. In Chapter 3, a 

physics-informed machine-learning is shown to predict new alloys and their performance in a 

high-dimensional, multiple-target-property design space that considers chemistry, multi-step 

processing routes, and characterization methodology variations. Specifically, a physics-informed 

feature engineering approach has been shown to enable ML to model multi-objective 
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composition – process – property relationships using a limited number of experimental data 

points. We demonstrated the physics-informed ML framework by verifying its ability to predict 

new shape memory alloy composition – process – property combinations. The traditional trial-

and-error experimental composition selection and processing parameters design can be greatly 

avoided with the developed framework.  

Finally, the comprehensive quality quantification of the materials manufacturing process is 

often needed due to the high dimensionality of design space, cost of experiments data, and 

governing physics that span length scales and time scales. The Chapter 4 proposes a data-driven 

ML knowledge transfer framework for process-property relations modeling and multi-property 

property optimization during LPBF AM process. Bayesian models are found to more effectively 

model process-property relations and outperform support vector machine and logistic regression 

models. MOGA has been performed for multi-property optimization based on the bulk density 

and micro-hardness property of the part. The developed framework has been verified through 

three “industry-use” inspired scenarios: 1) adopting a new model of printer from the same 

manufacturer that uses similar technology; 2) adopting a new model of printer from a new 

manufacturer that uses similar technology; and 3) adopting a new model of printer from a new 

manufacturer that uses different technology. 

5.2  Future Work  

There are two extremes of scientific discovery: theoretical physics method and data-driven 

ML/AI method. The theoretical physics approach describes natural phenomena with known, 

explainable, and well-understood scientific principles or rules. Still, it has limitations of 

describing complex systems or physics, with high computation cost, and often has simplifying 

assumptions. The data-driven approach mainly relies on the information contained in the data 
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and neglects the underlying specific physics principles/rules. Thus, it can handle the modeling of 

complex real-world systems that are difficult to simulate with the theoretical physics method; it 

can make rapid inference or predictions once the data is provided for model training with 

desirable performance. However, the accurate and successful modeling with the data-driven ML 

method heavily relies on enough high-fidelity training data; it also has a black-box character at 

the cost of model explanatory power. Both approaches suffer from certain deficiencies when 

both theory and data are currently lacking. Moving forward, I will continue working along with 

the previously mentioned themes and also branch out to explore problems related to alloy design 

and additive manufacturing with an automated ML/AI system.  

5.2.1 Automated Microscopy Image/Data Perspective 

To date, the capabilities of understanding and harnessing image/data characterization in the 

materials and manufacturing community are still in a nascent stage. Next-generation image/data 

platform will require the ways of incorporating experiment design, data curation, data analysis, 

knowledge discovery, and decision-making. Data science tools will become more tightly 

cooperative with experimental instruments, helping to distill vast multidimensional data into 

meaningful and understandable knowledge. I will continue the efforts in TEM image automation 

project to develop an open platform for generable data collection such as optical microscopy, X-

ray diffraction, and Raman spectroscopy, and an analysis platform to intelligently extract latent 

features embedded in data and knowledge insight for practical instruction. 

5.2.2 Physics-informed Machine Learning Perspective 

Physics-informed machine learning expects to accelerate breakthroughs in materials design, 

discovery, and manufacturing by harnessing data from experiments and high-fidelity simulations. 

It aims to leverage a wealth of scientific knowledge for improving data-driven models and speed 
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up scientific discovery. Owing to the additional scientific knowledge, the learning process only 

requires a small amount of labeled data and makes inference interpretable. In future research, I 

will further study how to integrate scientific knowledge and data science for a new paradigm of 

learning. The specific questions include how to construct space of models to physically 

consistent solutions, how to engineer input features to filter out environment noise and reduce 

data/learning bias, how to design learning algorithms to be compatible with application-specific 

knowledge, and how to guide scientific discovery with hybrid learning models. The applications 

of method will be open in the areas of materials, manufacturing, thermal fluid, biomedical and 

robotics. 

5.2.3 Additive Manufacturing Perspective 

The continuing efforts in AM will include how to learn and reuse physics-informed ML 

models for optimizing metals AM, how to utilize automated image/data analysis platform to 

boost the information gain from manufacturing processes linked to underlying physical models, 

how to develop an in-process quality control platform with the modules of multi-source data 

fusion, feedforward/feedback controlling strategies, and human-to-machine interface. It, 

therefore, completes a full loop of the materials design and manufacturing cycle, from 

observation to characterization to prediction to design and control of matter. 
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APPENDIX A: SUPPLEMENTARY FIGURES 

 

 

Figure A.1 NMF analysis for phase clustering with 3 cluster numbers for HRTEM image in Fig. 
2.13A. 

 



 
 

147 

 

 

Figure A.2 Cluster number determination for HRTEM image of (A) Fig. 2.13B and (B) Fig. 
2.13C. Solid line: domain knowledge. Dash line: computer determined number. 

 

Figure A.3 NMF analysis for phase clustering with 3 cluster numbers for HRTEM image in Fig. 
2.13B. 
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Figure A.4 NMF analysis for phase clustering with four cluster numbers for HRTEM image in 
Fig. 2.13C. 

 

 

Figure A.5 Schematic of DSC (Differential scanning calorimetry) data analysis to determine �̅� 
and ∆𝑇.  
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Figure A.6 2D scatterplots of chemical composition-based input features vs. each calculated 

output (A-J) �̅� and (K-T) △ 𝑇. Lighter colors indicate higher output values and vice versa. The 
MI scores with respect to the property are also inserted. Comparting the MI scores with the 
trends demonstrates that high MI score does not necessarily indicate a strong, direct correlation. 
For example, the correlative trend in N is not nearly as strong or obvious as the trend in A. The 
features provide a general and relatively simple representation that reflect physical and chemical 
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aspects of contributions for predicting alloys properties. For example, valence e (panels E, O) 
equals the number of electrons gained, lost, or shared in order to form the stable compounds. 
Pauling electronegativity χ (panel G, Q) describes tendencies in chemical bonding. The strong 
chemical bonding gives rise to large resistance to shape/volume change, and high bulk and shear 
moduli.  The elastic modulus of parent phase influences the transformation temperature [84]. 
Larger elastic modulus of the parent phase, cooling should continue before critical temperature 

point is reached; therefore, the �̅� is depressed and vice versa. The atomic radius rcal or rcov 
(panels D, N) have been shown to influence the thermal hysteresis △ 𝑇 [85]. Valence electrons 
from d orbital nd (panels J, T) accounts for most variations of total valence electrons n. d orbital 
electrons count is a powerful tool for understanding the chemistry of transition metal complexes 
[86][87].  
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Figure A.7 Predicted variances (σ) of �̅� and △ 𝑇 plotted on ternary composition diagrams for 
different HTs and synthesis methods. (A-F) VAM and (G-L) VIM melting methods followed by 
different heat-treatment schedules (A, D, G, J) Sol (1050 oC/0.5 h, WQ), (B, E, H, K) Sol (1050 
oC/0.5 h, WQ) + Aged (550 oC/3.5 h, AQ), and (C, F, I, L) Sol (1050 oC/0.5 h, WQ) + Pre-aged 
(300 oC/12 h, AQ) + Aged (550 oC/3.5 h, AQ). Each prediction was constrained to 0 ≤ Hf at.% ≤ 
30 and 49 ≤ Ni at.% ≤ 52 chemistries. The corresponding predicted mean values are shown Fig. 
3.3. It is noted that in Hf-high region of Sol + Pre-aged + Aged HTs condition, the predicted 



 
 

152 

 

uncertainties either for �̅� and △ 𝑇 are very large. In contrast, the uncertainties in this Hf-high 
region for Sol and Sol + Aged conditions are largely depressed. This is because there are no pre-
aged datasets with Hf-high content within the database. 

 

Figure A.8 2D model prediction plots show compositional and HTs dependencies. Predictive 
tendency curves extracted from predictive ternary profiles of under (A-C) Sol and (D-F) Sol + 

Aging process conditions. (A, D) The variation of �̅� with Hf content for various selected Ni 

contents; (B, E) variation of �̅� with Ni content for different Hf contents; and (C, F) relative 

hysteresis △ 𝑇 variations against Hf content change.  
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Figure A.9 DSC measurements of the predictively designed Ni50.7Ti46.3Hf3 alloy subjected to 
different heat-treatment paths. These results show the sensitivity of one of the blind predictions 
to the use of heat treatment schedules other than the one used in the design. While the results are 
similar, they confirm that indeed the ML validation design selected the minimum hysteresis of 
the schedules considered by the model for this composition – the other heat treatments all show 

greater △ 𝑇. Generally, �̅� was about 250 K (Fig. 3.5A) while △ 𝑇 varied from 80 K to just over 
100 K. The peak hysteresis (Ap-Mp), as used in other works [8][43] is 30 K to 50K. These results 
are summarized in the last 4 rows of Table B.2.  
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Figure A.10 Cross-validation results for �̅� models trained on subsets of the database, then tested 
on target Hf-low alloys data. (A) binary NiTi, (B) Hf-high, and (C) binary NiTi + Hf-high data. 
(D) The model trained with mixed family data source. Overall, each model performed well on 
datasets belonging to their training subset, but not as well on the Hf-low test data (in A, B, C). 

The model trained on binary NiTi subset (A) performs better for lower �̅� (< 400 K) whereas the 

model trained on Hf-high family (B) performs better for higher �̅� (> 400 K). The model trained 
with binary NiTi and Hf-high datasets (C) shows improved performance in predicting the Hf-low 
test data comparatively. However, the model trained using all three data sources together (D) 
achieves R2=0.98 and lower predicted uncertainty 𝜎 = 20 K. These results show that each of the 
composition subsets of the database provide critical statistics to the overall, final model 

performance for �̅�. 
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Figure A.11 Model knowledge representation for producing low density parts that shows the 
Bayesian likelihood of each process parameter. Strongly correlated parameters are highlighted in 
red. 

 

 

Figure A.12 Model knowledge representation for producing (a) high hardness and (b) low 
hardness parts that shows the Bayesian likelihood of each process parameter. Strongly correlated 
parameters are highlighted in red. 
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Figure A.13 The relative density model’s confusion matrix from (a) support vector machine, and 
(b) logistic regression models.  

 

 

Figure A.14 The microhardness model’s confusion matrix from (a) support vector machine, and 
(b) logistic regression models.  
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APPENDIX B: SUPPLEMENTARY TABLES 

Table B.1 A summary of the 26 previously unpublished process-property datasets for Hf-low 
alloys that were used in ML model training and testing. 

Ni 
(at. 

%) 

Ti 
(at. 

%) 

Hf 
(at. 

%) 

Synthesi

s method 
Homogenization 

(oC/h)  
Pre-

aging 
(oC/h) 

Final 

aging 
(oC/h) 

Mf 
(oC) 

Ms 
(oC

) 

As 
(oC

) 

Af 
(oC) 

51.5 42.5 6 VIM 1050/0.5 300/12 550/13.5 -110 -85 -29 -9 
50.3 43.7 6 VIM 1050/0.5 23/0 23/0 -110 -71 -39 6 
50.3 43.7 6 VIM 1050/0.5 23/0 550/3.5 -39 -22 11 26 
50.3 43.7 6 VIM 1050/0.5 300/12 550/7.5 -25 -14 19 31 
50.3 43.7 6 VIM 1050/0.5 300/12 550/13.5 -51 -38 1 17 
51.5 42 6.5 VIM 1050/0.5 300/12 550/13.5 -115 -89 -31 -11 
51.5 41.5 7 VIM 1050/0.5 300/12 550/13.5 -124 -94 -32 -11 
50.3 41.7 8 VIM 1050/0.5 300/12 550/0.5 -100 -61 -35 15 
50.3 41.7 8 VIM 1050/0.5 300/12 550/7.5 -14 -3 29 43 
50.3 41.7 8 VIM 1050/0.5 300/12 550/13.5 -30 -16 14 33 
51 41 8 VIM 1050/0.5 300/12 550/7.5 -129 -94 -25 -8 
51 41 8 VIM 1050/0.5 300/12 550/13.5 -95 -65 -17 0 

50.3 41.7 8 VIM 1050/0.5 23/0 23/0 -66 -32 -17 41 
50.3 41.7 8 VIM 1050/0.5 23/0 300/12 -74 -36 -21 39 
50.3 41.7 8 VIM 1050/0.5 23/0 550/3.5 -52 -6 -33 48 
50.3 41.2 8.5 VIM 1050/0.5 23/0 550/3.5 -75 -8 -19 47 
51 40.5 8.5 VIM 1050/0.5 300/12 550/7.5 -129 -95 -21 -5 
51 40.5 8.5 VIM 1050/0.5 300/12 550/13.5 -95 -59 -13 4 

50.3 41.2 8.5 VIM 1050/0.5 300/12 550/0.5 -112 -70 -34 18 
50.3 41.2 8.5 VIM 1050/0.5 300/12 550/7.5 -25 2 18 51 
50.3 41.2 8.5 VIM 1050/0.5 300/12 550/13.5 -38 -8 11 39 
51 40 9 VIM 1050/0.5 300/12 550/7.5 -125 -91 -21 -6 
51 40 9 VIM 1050/0.5 300/12 550/13.5 -98 -60 -13 7 

50.3 40.7 9 VIM 1050/0.5 300/12 550/7.5 -46 -30 9 23 
50.3 40.7 9 VIM 1050/0.5 300/12 550/13.5 -46 -32 6 21 
50.3 40.7 9 VIM 1050/0.5 23/0 550/3.5 -26 -4 24 54 

 
 
Table B.2 A summary of the 17 datasets used to test the “blind prediction” capability of the ML 
models. 

Ni 
(at. 

%) 

Ti 
(at. 

%) 

Hf 
(at. 

%) 

Synthesis 

method 
Homogenizati

on 
(oC/h)  

Pre-

aging 
(oC/h) 

Final 

aging 
(oC/h) 

Mf 
(oC) 

Ms 
(oC) 

As 
(oC) 

Af 
(oC) 

50.3 43.7 6 VIM 1050/0.5 300/12 550/3.5 -40 -22 12 24 
50.3 41.7 8 VIM 1050/0.5 300/12 550/3.5 -47 -29 8 26 
50.3 41.2 8.5 VIM 1050/0.5 300/12 550/3.5 -42 -25 16 32 
50.3 40.7 9 VIM 1050/0.5 300/12 550/3.5 -50 -34 5 20 
50 47 3 VAM 1050/0.5 300/12 550/3.5 23 57.5 64 105 

50.4 46.6 3 VAM 1050/0.5 300/12 550/3.5 -22 12 15 61 
50.5 38.5 11 VAM 1050/0.5 300/12 550/3.5 -21 25 44 83 
50.4 37.6 12 VAM 1050/0.5 300/12 550/3.5 18 39 69 100 
50.7 46.3 3 VAM 1050/0.5 300/12 550/3.5 -62 -28 -25 15 
50.7 46.3 3 VAM 1050/0.5 300/12 550/5 -60 -22 -26 23 
50.7 46.3 3 VAM 1050/0.5 23/0 550/3.5 -66 -23 -18 25 
50.7 46.3 3 VAM 1050/0.5 23/0 23/0 -53 -16 -14 27 
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Table B.3 The collected database for laser powder bed fusion 3D printed Ti6Al4V. The density 
and microhardness were chosen as case studies. All datasets are available on Citrine Informatics: 
https://citrination.com/datasets/181122/show_search?searchMatchOption=fuzzyMatch.s 

 

 
 

Table B.4 Multi-properties process optimization results for experiment validation on ProX 
DMP320A and EOS M290 machines. The ProX MH9-14 and ProX HH6-11 indicate the model 
was extrapolated in higher laser power for multi-property optimization. Sample number is 
simplified as ProX/EOS HH (high microhardness and high density) or MH (medium 
microhardness and high density).  

Sample 

number 

Laser power 

(W) 

Laser speed 

(mm/s) 

Laser energy 

(J/mm3) 

Hatch spacing 

(μm) 

Layer thickness 

(μm) 

ProX MH1 236 801 100 100 30 
ProX MH2 162 793 69 100 30 
ProX MH3 185 767 82 100 30 
ProX MH4 201 556 111 110 30 
ProX MH5 193 820 107 75 30 
ProX MH6 156 711 87 85 30 
ProX MH7 192 630 101 100 30 
ProX MH8 153 791 74 85 30 
ProX MH9 300 1332 94.2 80 30 
ProX MH10 302 989 67.5 151 30 
ProX MH11 351 898 108.4 120 30 
ProX MH12 355 528 156.7 143 30 
ProX MH13 390 1253 88.4 118 30 
ProX MH14 451 1137 91.5 145 30 

ProX HH1 226 297 197 130 30 
ProX HH2 250 250 224 150 30 
ProX HH3 300 270 229 160 30 
ProX HH4 235 233 183 185 30 
ProX HH5 270 296 210 145 30 
ProX HH6 305 549 230.6 80 30 
ProX HH7 350 444 331.4 79 30 
ProX HH8 357 493 229 105 30 
ProX HH9 400 450 296 100 30 

ProX HH10 401 758 272.7 65 30 
ProX HH11 455 402 242.7 155 30 

https://citrination.com/datasets/181122/show_search?searchMatchOption=fuzzyMatch.s
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Table B.4 Continued     

Sample 

number 

Laser power 

(W) 

Laser speed 

(mm/s) 

Laser energy 

(J/mm3) 

Hatch spacing 

(μm) 

Layer thickness 

(μm) 

EOS MH1 156 711 87.4 63 40 

EOS MH2 156 784 73.4 68 40 
EOS MH3 162 793 69.2 73.5 40 
EOS MH4 178 841 79.6 66.6 40 
EOS MH5 192 630 101.2 75 40 
EOS MH6 200 697 105.4 68 40 
EOS MH7 236 801 100 73.7 40 
EOS MH8 201 772 77.6 84 40 

 
Table B.5 The clean datasets for case study part relative density. 

Machine 
Laser 

power (W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size (μm) 

Energy 

density 

(J/mm3) 

Relative 

density  

EOS M270 160 370 95 30 30 150 97.50% 

EOS M270 160 480 95 30 30 115 99.00% 

EOS M270 160 720 95 30 30 60 100.00% 

EOS M270 160 1070 95 30 30 50 100.00% 

EOS M270 120 370 95 30 30 115 94.00% 

EOS M270 120 470 95 30 30 85 97.00% 

EOS M270 120 600 95 30 30 70 99.00% 

EOS M270 120 820 95 30 30 50 100.00% 

EOS M270 120 1070 95 30 30 40 99.70% 

EOS M270 120 1320 95 30 30 35 98.00% 

EOS M270 80 230 95 30 30 115 99.50% 

EOS M270 80 480 95 30 30 60 100.00% 

EOS M270 80 820 95 30 30 35 99.00% 

EOS M270 80 1070 95 30 30 30 96.00% 

EOS M270 80 1200 95 30 30 22 94.00% 

EOS M270 40 120 95 30 30 115 99.00% 

EOS M270 40 220 95 30 30 55 99.20% 

EOS M270 40 380 95 30 30 40 97.60% 

EOS M270 40 600 95 30 30 25 91.00% 

Concept 
Laser M2 

200 850 75 40 35 78.43 99.63% 

Concept 
Laser M2 

200 1000 75 40 35 66.67 99.86% 

Concept 
Laser M2 

200 1250 75 40 35 53.33 99.88% 

Concept 
Laser M2 

200 1500 75 40 35 44.44 99.94% 

In-house 
developed 

SLM 
42 200 75 30 35 93 99.60% 

In-house 
developed 

SLM 
42 200 50 30 35 140 96.00% 

In-house 
developed 

SLM 
42 200 100 30 35 71 98.50% 
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Table B.5 Continued      

Machine 
Laser 

power (W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size (μm) 

Energy 

density 

(J/mm3) 

Relative 

density  

In-house 
developed 

SLM 
42 100 75 30 35 187 97.60% 

In-house 
developed 

SLM 
42 50 75 30 35 373 99.10% 

In-house 
developed 

SLM 
42 200 75 30 35 93 99.90% 

EOS M270 120 320 95 30 30 131.58 94.20% 

EOS M270 120 460 95 30 30 91.53 98.20% 

EOS M270 120 600 95 30 30 70.18 99.60% 

EOS M270 120 720 95 30 30 58.48 99.90% 

EOS M270 120 840 95 30 30 50.13 99.90% 

EOS M270 120 1080 95 30 30 38.99 99.70% 

EOS M270 120 1300 95 30 30 32.39 98.30% 

EOS M270 120 1440 95 30 30 29.24 96.20% 

EOS M270 120 1530 95 30 30 27.52 94.30% 

EOS M270 80 240 95 30 30 116.96 99.50% 

EOS M270 80 470 95 30 30 59.72 99.80% 

EOS M270 80 600 95 30 30 46.78 100.00% 

EOS M270 80 720 95 30 30 38.99 99.70% 

EOS M270 80 850 95 30 30 33.02 99.00% 

EOS M270 80 960 95 30 30 29.24 97.60% 

EOS M270 80 1070 95 30 30 26.23 96.00% 

EOS M270 80 1200 95 30 30 23.39 94.00% 

EOS M270 80 1330 95 30 30 21.11 91.20% 

EOS M270 80 1440 95 30 30 19.49 89.70% 

EOS M270 80 1560 95 30 30 17.99 87.80% 

SLM 250 
HL 

175 200 100 30 42 292 96.75% 

SLM 250 
HL 

175 300 100 30 42 195 97.60% 

SLM 250 
HL 

175 400 100 30 42 146 99.44% 

SLM 250 
HL 

175 500 100 30 42 117 99.95% 

SLM 250 
HL 

175 600 100 30 42 97 99.88% 

SLM 250 
HL 

175 700 100 30 42 83 99.85% 

SLM 250 
HL 

175 800 100 30 42 73 99.74% 

SLM 250 
HL 

175 900 100 30 42 65 99.63% 

SLM 250 
HL 

175 1000 100 30 42 58 99.50% 

SLM 250 
HL 

175 1100 100 30 42 53 99.35% 
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Table B.5 Continued       

Machine 
Laser 

power (W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size (μm) 

Energy 

density 

(J/mm3) 

Relative 

density  

SLM 250 
HL 

175 600 40 30 42 243 99.87% 

SLM 250 
HL 

175 600 55 30 42 177 99.88% 

SLM 250 
HL 

175 600 70 30 42 139 99.94% 

SLM 250 
HL 

175 600 85 30 42 114 99.96% 

SLM 250 
HL 

175 600 100 30 42 97 99.88% 

SLM 250 
HL 

175 600 115 30 42 84 99.875% 

SLM 250 
HL 

175 600 145 30 42 67 99.88% 

SLM 250 
HL 

175 600 175 30 42 56 99.86% 

SLM 250 
HL 

100 600 100 30 42 56 99.12% 

SLM 250 
HL 

110 600 100 30 42 61 99.63% 

SLM 250 
HL 

122 600 100 30 42 68 99.875% 

SLM 250 
HL 

133 600 100 30 42 74 99.90% 

SLM 250 
HL 

145 600 100 30 42 81 99.90% 

SLM 250 
HL 

155 600 100 30 42 86 99.90% 

SLM 250 
HL 

165 600 100 30 42 92 99.93% 

SLM 250 
HL 

178 600 100 30 42 99 99.875% 

SLM 250 
HL 

188 600 100 30 42 104 99.875% 

SLM 250 
HL 

200 600 100 30 42 111 99.625% 

SLM 120 200 40 50 20 300 90.00% 

SLM 110 100 40 50 20 550 90.00% 

SLM 110 200 40 50 20 275 96.00% 

SLM 110 400 40 50 20 137.5 96.00% 

Concept 
Laser M2 

152 800 75 20 35.5 126.7 98.60% 

Concept 
Laser M2 

165 800 75 20 35.5 137.5 99.45% 

Concept 
Laser M2 

178 800 75 20 35.5 148 99.40% 

Concept 
Laser M2 

190 800 75 20 35.5 158 99.82% 
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Table B.5 Continued       

Machine 
Laser 

power (W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size (μm) 

Energy 

density 

(J/mm3) 

Relative 

density  

Concept 
Laser M2 

152 1500 75 20 35.5 67.6 99.50% 

Concept 
Laser M2 

165 1500 75 20 35.5 73 99.52% 

Concept 
Laser M2 

178 1500 75 20 35.5 79 99.95% 

Concept 
Laser M2 

190 1500 75 20 35.5 84.4 99.85% 

SLM 125 
HL 

50 300 70 30 35 79.4 97.73% 

SLM 125 
HL 

50 300 90 30 35 61.7 97.71% 

SLM 125 
HL 

50 300 100 30 35 55.6 97.76% 

SLM 125 
HL 

50 300 120 30 35 46.3 95.10% 

SLM 125 
HL 

60 300 80 30 35 83.3 99.39% 

SLM 125 
HL 

60 400 80 30 35 62.5 99.59% 

SLM 125 
HL 

60 500 80 30 35 50 98.53% 

SLM 125 
HL 

60 600 80 30 35 41.7 95.66% 

SLM 125 
HL 

70 400 70 30 35 83.3 99.23% 

SLM 125 
HL 

70 400 80 30 35 72.9 99.66% 

SLM 125 
HL 

70 400 100 30 35 58.3 99.70% 

SLM 125 
HL 

70 400 120 30 35 48.6 99.55% 

SLM 125 
HL 

80 300 90 30 35 98.8 99.71% 

SLM 125 
HL 

80 400 90 30 35 74.1 99.72% 

SLM 125 
HL 

80 500 90 30 35 59.3 98.48% 

SLM 125 
HL 

80 600 90 30 35 49.4 99.63% 

SLM 125 
HL 

90 600 70 30 35 71.4 99.53% 

SLM 125 
HL 

90 600 80 30 35 62.5 99.74% 

SLM 125 
HL 

90 600 90 30 35 55.6 99.55% 

SLM 125 
HL 

90 600 120 30 35 41.7 99.31% 
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Table B.5 Continued       

Machine 
Laser 

power (W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size (μm) 

Energy 

density 

(J/mm3) 

Relative 

density  

SLM 125 
HL 

100 300 120 30 35 92.6 99.75% 

SLM 125 
HL 

100 400 120 30 35 69.4 99.77% 

SLM 125 
HL 

100 500 120 30 35 55.6 99.70% 

SLM 125 
HL 

100 600 120 30 35 46.3 99.43% 

SLM 250 
HL 

175 710 120 30 35 68.47 99.60% 

SLM 250 
HL 

375 1029 120 60 35 50.62 99.50% 

SLM 250 
HL 

375 686 120 90 35 50.62 99.50% 

Concept 
laser M 

95 300 77 25 20 164.5 97.61% 

Concept 
laser M 

95 600 77 25 20 82.25 99.10% 

Concept 
laser M 

95 900 77 25 20 54.83 99.46% 

Concept 
laser M 

95 1200 77 25 20 41.13 97.97% 

Concept 
laser M 

95 2400 77 25 20 20.56 98.20% 

Concept 
laser M3 

95 90 120 30 37 293 99.98% 

Concept 
laser M3 

95 140 120 30 37 188.5 99.71% 

Concept 
laser M3 

95 190 120 30 37 138.9 96.92% 

Concept 
laser M3 

95 90 140 30 37 251 99.83% 

Concept 
laser M3 

95 140 140 30 37 162 99.54% 

Concept 
laser M3 

95 190 140 30 37 119 95.11% 

Concept 
laser M3 

95 125 130 30 37 195 99.82% 

EOS M270 186 1200 80 30 38 64.58 99.50% 

EOS M270 186 1200 90 30 33 57.41 99.50% 

EOS M270 186 1200 100 30 30 51.67 99.50% 

SLM 280 
HL 

150 667 90 50 21 50 99.75% 
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Table B.6 The clean datasets for case study part microhardness. 

Machine 

Laser 

power 

(W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size 

(μm) 

Energy 

density 

(J/mm3) 

Relative 

density 

Microhardness 

(Hv) 

In-house 

developed 

SLM 

42 200 75 30 35 93 99.60% 410 

SLM 110 800 40 50 20 69 67.70% 220 

SLM 110 1200 40 50 20 46 67.70% 220 

SLM 110 100 40 50 20 550 90% 345 

SLM 120 200 40 50 20 300 90.00% 345 

SLM 

125HL 
50 300 120 30 35 46.3 95.10% 310.44 

Concept 

laser M3 
95 190 140 30 37 119 95.11% 366.5 

EOS 

M270 
120 1500 100 30 30 27 95.20% 268 

EOS 

M270 
120 400 100 30 30 100 95.50% 328 

SLM 

125HL 
60 600 80 30 35 41.7 95.66% 338.44 

In-house 

developed 

SLM 

42 200 50 30 35 140 96.00% 425 

SLM 110 200 40 50 20 275 96.00% 430 

SLM 110 400 40 50 20 137.5 96.00% 430 

In-house 

developed 

SLM 

42 100 75 30 35 187 97.60% 450 

SLM 

125HL 
50 300 90 30 35 61.7 97.71% 366.89 

SLM 

125HL 
50 300 70 30 35 79.4 97.73% 365.67 

SLM 

125HL 
50 300 100 30 35 55.6 97.76% 353.11 

SLM 

125HL 
80 500 90 30 35 59.3 98.48% 373.89 

In-house 

developed 

SLM 

42 200 100 30 35 71 98.50% 382 

SLM 

125HL 
60 500 80 30 35 50 98.53% 349.33 

Concept 

Laser M2 
100 600 105 30 42 52.91 99% 360 

Trumpf 

LF250 
160 600 200 40 35 33.3 99% 354 

         

         

         



 
 

165 

 

Table B.6 Continued        

Machine 

Laser 

power 

(W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size 

(μm) 

Energy 

density 

(J/mm3) 

Relative 

density 

Microhardness 

(Hv) 

In-house 

developed 

SLM 

42 50 75 30 35 373 99.10% 480 

EOS 

M270 
120 540 100 30 30 74 99.10% 346 

EOS 

M270 
120 1260 100 30 30 32 99.10% 311 

SLM 

125HL 
70 400 70 30 35 83.3 99.23% 378.22 

SLM 

125HL 
90 600 120 30 35 41.7 99.31% 353.22 

SLM 

125HL 
60 300 80 30 35 83.3 99.39% 384.2 

SLM 

125HL 
100 600 120 30 35 46.3 99.43% 342.67 

Concept 

laser M 
95 900 77 25 20 54.83 99.46% 364 

EOS 

M270 
120 960 100 30 30 42 99.50% 331 

SLM 

125HL 
90 600 70 30 35 71.4 99.53% 388.89 

Concept 

laser M3 
95 140 140 30 37 162 99.54% 390.5 

SLM 

125HL 
70 400 120 30 35 48.6 99.55% 357.56 

SLM 

125HL 
90 600 90 30 35 55.6 99.55% 369.22 

SLM 

125HL 
60 400 80 30 35 62.5 99.59% 379.89 

SLM 

250HL 
175 710 120 30 40 68.5 99.60% 379 

SLM 

125HL 
80 600 90 30 35 49.4 99.63% 359.56 

SLM 

125HL 
70 400 80 30 35 72.9 99.66% 378.00 

SLM 

125HL 
70 400 100 30 35 58.3 99.70% 357.11 

SLM 

125HL 
100 500 120 30 35 55.6 99.70% 366.78 

SLM 

125HL 
80 300 90 30 35 98.8 99.71% 396.57 

SLM 

125HL 
80 400 90 30 35 74.1 99.72% 383.56 

SLM 

125HL 
90 600 80 30 35 62.5 99.74% 388.11 
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Table B.6 Continued        

Machine 

Laser 

power 

(W) 

Laser 

speed 

(mm/s) 

Hatch 

spacing 

(μm) 

Layer 

thickness 

(μm) 

Mean 

powder 

size 

(μm) 

Energy 

density 

(J/mm3) 

Relative 

density 

Microhardness 

(Hv) 

SLM 

125HL 
100 300 120 30 35 92.6 99.75% 384.56 

SLM 

125HL 
100 400 120 30 35 69.4 99.77% 384.22 

Concept 

laser M3 
95 125 130 30 37 195 99.82% 405 

Concept 

Laser M2 
200 1250 75 40 35 53.33 99.90% 360 

Concept 

Laser M3 
95 90 120 30 37 293 99.98% 408 
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APPENDIX C: COPYRIGHT PERMISSIONS 

 

This Appendix includes expressed, written permission from the copyright holders granting 

permission for replication of the material contained in CHAPTER 3 “PHYSICS-INFORMED 

MACHINE LEARNING FOR COMPOSITION – PROCESS – PROPERTY DESIGN: SHAPE 

MEMORY ALLOY DEMONSTRATION” and CHAPTER 4 “MACHINE LEARNING FOR 

KNOWLEDGE TRANSFER ACROSS MULTIPLE METALS ADDITIVE 

MANUFACTURING PRINTERS”. The below shows the journal’s permission to include my 

Elsevier journal article within the thesis/dissertation and the statements of approval from co-

authors who are not in the thesis committee.  
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