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ABSTRACT

In recent years, metal additive manufacturing processes are often being considered for part production especially for low volume, high complexity parts. To enable widespread adoption of these methods, it is essential to understand the link between process parameters and part properties. This is particularly because additive manufacturing processes cause inherently complex thermo-mechanical cycles and different local process conditions within a part, compared to conventional manufacturing processes like casting and forging. Additionally, properties of feedstock material like metal powder impact final part properties. The focus of this dissertation is on development of data-driven methods using in situ monitoring, as a step towards part qualification.

The primary contributions are: 
(a) In situ monitoring of powder feedstock: Monitoring in situ powder spreading in powder bed AM is important to avoid part defects. Data-driven methods are developed to study new and recycled powder feedstock in the Electron beam Powder Bed Fusion (E-PBF) process, using log files generated in the Arcam ™ system. Results indicate that powder raking behavior reflects powder spreadability on the powder bed and is closely related to powder morphology. 
(b) In situ monitoring of thermal behavior in the Laser Powder Bed Fusion (L-PBF) process: Thermal signatures in metal AM processes are closely linked to phase transformations, part microstructure and properties. Thermal signatures vary as a complex function of scan strategy, part geometry and process parameters. A similarity analysis methodology is developed to identify regions of self-similar thermal signatures in the L-PBF process, monitored using infrared imaging. Similar thermal signatures are identified, reflecting localized solidification conditions and pointing to similar regional microstructures. 
(c) Demonstration of generalizability of the similarity analysis methodology to lattice structures: To demonstrate validity of similarity analysis methodology to different geometries, the algorithm is applied to lattice structures to evaluate the effect of geometry and process parameters on thermal signatures. Results indicate dependence of thermal signatures on nodal connectivity in the lattice and on inert gas used. Builds in Helium are observed to cool faster than in Argon. The observed thermal signature difference may lead to different part microstructures and associated properties.
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[bookmark: _Toc66486198]Introduction to Additive Manufacturing
Additive Manufacturing (AM), or 3D printing as it is often called, is a relatively new manufacturing method that has caught the attention and imagination of many industries. Additive manufacturing broadly refers to any process that enables direct creation of part from a digital file without the intermediate step of process planning, fixture design, tool specification, etc. [1] This definition is applicable to a wide variety of AM processes that can be used with different materials including metals and polymers. Additive manufacturing was first introduced in the 1980s to selectively melt polymer layers to form a part [2]. Significant advances have been made in the field in the following decades. Additive manufacturing holds a lot of promise in many areas of application like nuclear[3] , biomedical [4] and aerospace domains [5]. The aerospace industry has been an early adopter, with the introduction of many additively manufactured components in aircraft engines [6]. The nuclear industry has also been eager to adopt additive manufacturing as a method for production of low-volume components [3,7–9]. Additive manufacturing methods are well-suited for personalized implants for patients and used in the biomedical field to manufacture parts like hip joints and dental implants [10,11]. 

In this dissertation, the focus is on part qualification in metal additive manufacturing. Before delving into current challenges, a discussion on advantages of metal additive manufacturing processes is relevant. Comprehensive reviews of AM processes and the physics behind it have been presented by Sames et al. [2], Debroy et al. [12] and Frazier [13]. One reason for the popularity of metal additive manufacturing processes is that they enable creation of complex geometrical shapes without the need for process planning and tool or die designing. Traditional manufacturing processes necessitated tool path planning, die and fixture designing, etc. as preliminary steps, before even a prototype was made. This made trial and error processes costly and time consuming. With the advent of AM, prototyping new designs and testing them has become much easier than before. Further, metal AM processes can also be used to create functionally graded parts that are designed to have different material compositions or microstructures (grain size, texture, grain orientation, porosity) at different locations to tailor part properties [14]. For example, functionally graded porous scaffolds can be used in bone implants since they resemble natural bone structure of porous inner layers with a solid outer layer [15]. AM also lends itself to new alloy development and application due to the fundamentally different paradigm that it represents. New alloys are being created primarily for use in AM processes [16] and resulting microstructures indicate new potential applications for these alloys. For example, pre-treated Aluminum feedstock powder has been shown to change printed alloy microstructure due to the presence of Zirconium nanoparticles from the pre-treatment [17]. 

However, a key challenge with broad adoption of metal AM processes is the lack of predictability of material properties, when compared to traditional manufacturing processes. This is primarily due to the complex physics that govern AM processes and dependance of part properties on inputs like properties of feedstock, process parameters and post-process heat or surface treatments. AM processes involve an intricate play of metal powder absorptivity [18], fluid dynamics of melt pool[19], thermal history due to repeated reheat cycles [20], scan strategy [21], beam-material interactions (laser or electron beam) [22] and chosen process parameters leading to a wide array of possible microstructure evolution modes [23]. Controlling for all variations in the process is nearly impossible and leads to the idea that in situ monitoring of the process may be the best solution to understand what occurred during the process and account for part properties accordingly.

An overview of existing research into part qualification in Additive Manufacturing is presented in the literature review section of this chapter. However, gaps exist in the part qualification space, as discussed at the end of the chapter. The aim of this dissertation is to address some of those gaps by developing data driven part qualification paradigms for metal additive manufacturing. Briefly, data driven algorithms are developed and demonstrated for in situ powder recyclability evaluation and thermal signature analysis. The algorithms are validated using microscopy and microstructure characterization.

The rest of this chapter is divided into the following sections: Section 1.2 provides details of different classes of metal additive manufacturing. Section 1.3 presents a review of literature on part qualification and quality control in metal additive manufacturing. Section 1.4 provides a summary of novel contributions that are made in this research work. 

[bookmark: _Ref63782616][bookmark: _Toc66486199]Classification of metal additive manufacturing 
Before diving deeper into additive manufacturing, a broad classification of AM processes for metals needs to be discussed. Metal AM process classification is shown in (insert figure). The ISO/ASTM 52900:2015(E) standard [24] delineates AM processes into 7 broad process categories. These are: binder jetting, material extrusion, material jetting, powder bed fusion (PBF), directed energy deposition (DED), sheet lamination and, vat photopolymerization. Some of these processes are applicable to both polymers and metals, while others are specific only to either one material category. A brief description of each process category is given below:
Binder jetting: A binder or adhesive-like material is sprayed at specific locations of a metal powder bed and used to consolidate metal powder into desired shapes. These “green” parts are then sintered and post-processed to remove porosities and produce parts of final shape.
Material extrusion: Similar to injection molding of polymers, this process involves squeezing metal through a nozzle or orifice and depositing it into desired shapes.
Material jetting: Droplets of material are sprayed to form a near net-shape and then post-processed. Primarily applicable to polymer materials.
Powder Bed Fusion (PBF): Metal powder is spread on a flat surface and melted along pre-defined contours using an energy source such as laser or electron beam to form a single layer. Multiple layers are formed on top of each other to form the final part.
Directed Energy Deposition (DED): Material deposition and melting occur simultaneously. In other words, the energy source is directed into a stream of raw material (metal powder or wire) from a nozzle and resulting melted metal is deposited along the path of the nozzle.
Sheet lamination: Thin metal foils are bonded together by applying a normal force on them and moving a sonotrode vibrating at ultrasonic frequencies over them. Ultrasonic consolidation of the foils occurs at relatively low temperatures, much below the melting point of the metals involved. Involves bonding together of metallic sheets using solid state phase transformations. 
Vat photopolymerization: A polymer AM process in which light at specific wavelengths, say ultraviolet light, is used to cure polymers along specific shapes that are exposed to the light through the use of a mask.

Out of the processes described above, metal AM processes fall into 4 primary categories: Powder Bed Fusion (PBF), Directed Energy Deposition (DED), binder jetting and sheet lamination. These processes are shown schematically in Figure 1‑1. Both PBF and DED processes are considered direct-to-metal processes since the finished part is produced in near final form. Sheet lamination is a form of indirect AM process and is followed up by Computerized Numeric Control (CNC) processes to finish the product into desired shapes. It is evident from the brief description above that each category of metal AM processes has unique underlying physics that drive final part properties. In PBF processes, microstructure and part properties are primarily driven by thermal cycles induced by repeated exposure to laser or electron beam energy sources. In DED processes, key factors, other than thermal history, that determine final part properties include droplet dynamics, fluid flow within the nozzle, effect of shielding gas, etc. Ultrasonic AM processes depend on solid state transformations and are influenced by factors that include surface roughness of metal foils and, normal pressure on the metal foils [25].
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[bookmark: _Ref66274002][bookmark: _Toc66486103]Figure 1‑1: Schematic representation of common metal additive manufacturing processes. (a) DED using laser beam and powder; (b) DED using electron beam and wire feedstock; (c) DED using Gas Metal Arc (GMA); (d) PBF using laser (L-PBF); (e) Ultrasonic AM; (f) Binder jetting. Adapted from [12] 

The focus of this dissertation is on powder bed fusion (PBF) processes. PBF processes are layer-wise processes where metal powder is melted to form each layer of the part atop the previous layer. L-PBF (laser energy source) process is shown in Figure 1‑1 (d). E-PBF (electron beam energy source) is a similar process that differs primarily in the energy source i.e. electron beam rather than laser beam. Use of electron beam also necessitates a vacuum chamber rather than an inert gas chamber as used in L-PBF. The challenges involved in part qualification in PBF processes are discussed in detail in the next section.

[bookmark: _Ref63782630][bookmark: _Toc66486200]Literature review on part qualification in metal AM
To understand why part qualification is challenging in AM, we first need to understand traditional manufacturing processes. In traditional manufacturing processes like rolling and forging, grain structure is dictated by gross processing conditions and remains fairly uniform across the entire structure like billets or rolled sheets. Therefore, testing properties of the material using a few exemplar samples is sufficient to understand average properties and determine variations around the mean. In AM processes, grain structure is significantly influenced by the build process itself. This has been demonstrated by many research groups [26–28]. However, due to lack of other well-developed approaches, AM parts continue to be tested using similar approaches to traditional manufacturing. Russell et al. [29] indicate that the approach to qualification being currently adopted includes qualification at every step of the pipeline i.e., design, process and material, quality control, non-destructive part evaluation and maintenance. This approach is largely based on statistical process control (SPC) concepts and relies on health monitoring of both the feedstock and the equipment. In principle, qualification of every aspect of the AM process may sound feasible. In reality, it is very difficult to put into practice without a significant waste of time, material and manpower resources. Furthermore, such an approach defeats the flexibility associated with additive manufacturing since qualification of every step of the production pipeline in a rigid manner can lead to significant waste generation and slow down production. Therefore, qualification on a part-by-part approach, with in situ monitoring approaches seems a much better solution.

Several papers have been published primarily in the last two decades on in situ monitoring and associated algorithms that enable a better understanding of AM processes. Based on an analysis of literature in part qualification and quality control of additive manufacturing parts, it is observed that most part qualification efforts focused on one of three aspects of AM processes: feedstock, process and final part quality. This categorization of AM qualification process is presented schematically in  Figure 1‑2 and discussed in subsections here. 

[bookmark: _Toc66486201]Feedstock analysis
Metal additive manufacturing processes typically start with consideration of the quality of feedstock. In powder bed fusion, the feedstock is the metal powder while it is metal wire in case of wire arc additive manufacturing, a type of DED process. The focus of this dissertation is powder bed fusion processes and therefore this discussion is focused only on metal powder feedstock.

Several papers have been published by researchers interested in understanding the effect of different aspects of metal powder. Early on, before additive manufacturing became a potential avenue for part production, metal powders were studied for powder metallurgical purposes. In powder metallurgy, the primary purpose was to make metal powders into near-net shapes using compaction processes on powders and heating the compacted part to temperatures just below the sintering temperature [30]. Therefore, the field of powder metallurgy naturally fed into feedstock studies for powder bed fusion processes.
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[bookmark: _Ref66274245][bookmark: _Toc66486104]Figure 1‑2: Schematic showing classification of different aspects of part qualification in powder bed fusion processes. Literature around each aspect is discussed in this chapter. 

In the field of additive manufacturing, the focus is less on powder behavior in terms of sintering but much more on powder spreading and particle interactions that may lead to defects in parts. The economics of additive manufacturing also depend significantly on powder cost due to its influence on both direct material cost and indirect scrapped part cost [31]. Therefore, the trade-offs involved in powder selection and its influence on part properties have been studied by many authors. Several factors influence powder properties for additive manufacturing. Some of these are depicted in an Ishikawa diagram by Spierings et al. [32]. In this dissertation, studies that evaluate three major properties of powder: powder flowability, powder recyclability and powder size distribution are summarized. Alloy composition is not dealt with since the dissertation is not focused on any one alloy but on general method development and application for metal additive manufacturing.

Powder flowability refers to the ability of powder to flow through an orifice or a channel without being sticky or without self-agglomeration. This is important in metal powder bed fusion systems due to the need for a uniform layer of metal powder at the start of the process, leading to good quality layers that form a part [33] . However, in additive manufacturing itself, there has been no clear definition of powder flowability and consequently no specific method to measure it. Several approaches have been put forth in literature. Spierings et al. [32] demonstrated a method to calculate powder flowability as a function of avalanche angle, powder surface fractal and particle shape. Another way to measure powder flowability is by measuring dynamic flow characteristics using a rheometer. The Freeman rheometer [34] is a cylindrical device inside which powder is swirled using a blade like system that enables measurement of axial and rotational forces. The parameters measured include Basic Flow Energy (BFE) which indicates the ease of flow in a constrained environment and Specific Energy (SE) which indicates unconstrained flow properties [34,35]. Kiani et al. [36] used three different methods- the Freeman rheometer [34], a Mercury powder analyzer and a custom-built funnel method- to measure powder flow properties. They found that different aspects of powder properties influenced static vs. dynamic flow. Particle aspect ratio dictated static flow initiation, whereas particle size was better correlated to dynamic flow. 
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[bookmark: _Toc66486105]Figure 1‑3: Ishikawa diagram showing different factors influencing powder properties. Source: Spierings et al. [32] 

Beyond flowability, part properties are influenced by size and shape of powder particles. Spierings et al. [37] showed that particle size influences final part properties in laser powder bed fusion, with varying levels of fusion of particles depending on size distribution. Bierwagen and Sanders [38] came up with an analytical method to study the density of packing based on having a mixture of particle sizes. Boley et al. [18,39] showed that the packing of metal powders could lead to change in laser absorptivity in a powder bed, which may influence part properties. Bai et al. studied the effect of bi-modal size distribution of powders in binder jet printing [40], and showed that having a broad particle size distribution led to good powder bed coverage and flowability. However, some other powder studies [41–43] showed that the presence of fine particles led to poor powder spreadability and increased cohesiveness of the particles, leading to questions about the benefits of a broad powder size distribution.

A more granular approach to studying powder particle behavior is to carry out in situ imaging of the powder spreading process or use modeling approaches to study powder particle interactions. Nan et al. [44] modeled particle spreading and jamming in the powder bed fusion process using Discrete Element Method. They showed that the jamming behavior is dependent on the gap between the powder spreader blade and powder bed, with both particle velocity and spread particle volume depending on the gap height. Parteli and Poschel [42] developed a numerical tool to study the spreading of powder particles. They concluded that having a broad size distribution of powder particles may hinder powder flow, due to increased effective surface roughness of the powder and tendency of fine particles to form agglomerates. Escano et al. [41] used high speed X-ray imaging to understand powder spreading dynamics, including the dynamic angle of repose and coefficient of friction between powder and boundaries. They concluded that large particle size led to higher dynamic angle of repose and average slope flow velocity. They expressed similar conclusions as Parteli and Poschel on the effect of particle clusters leading to poor flowability. Snow et al. [45] proposed a set of metrics to quantify flowability of powders. These included (a) percentage cover of the build plate, (b) rate of change of avalanching angle and (c) rate of powder deposition. These metrics were shown to correlate well with powder spreadability.

Recyclability of metal powder is an important consideration especially for viable costs of PBF processes. Many studies focused on the effect of recycling powder on the final part properties and intermediate aspects like powder morphology [5], chemical composition due to in-process element pickup [5,46] and particle size distribution [5,46,47]. The results of these studies depend on the alloy chosen for study. In general, Ti-6Al-4V powders are shown to absorb oxygen during the Electron beam Powder Bed Fusion (E-PBF) process [5,46–49], which becomes a limiting factor for specific applications. Inconel 718 powders are shown to demonstrated powder particle agglomeration over increases reuse cycles [47,50–52]. These results are experimentally observed after the PBF process, i.e. through ex situ study of powder after multiple process cycles.

An important gap observed in powder studies is that most methods rely on experimental characterization of powder before and after use in the PBF process. Alternately, they predict the behavior of powder using models, but do not have direct experimental validation of the predicted behavior in real-world PBF systems. One of the aims of this dissertation is to fill that gap by developing an in-situ monitoring method to evaluate powder spreading in the E-PBF process. The developed method is data-driven, based on log files generated in the E-PBF process on the ArcamTM system. Details are discussed in chapter-2 and have been published as Chandrasekar et al. [53]

[bookmark: _Toc66486202]Process qualification 
Reviews of in situ monitoring methods for additive manufacturing have been presented by Everton et al. [54] and Tapia et al. [55]. They indicated that several modalities of monitoring are applicable to additive manufacturing processes. For example, Everton et al. indicate many studies that have been conducted using imaging of the powder bed fusion process to identify defects associated with printing or to identify issues like overheating or curling of the part which may cause secondary damage to the system or the recoater blade. The primary modalities of monitoring are optical and infrared imaging [56–58] and pyrometry to monitor temperature [59]. Early efforts at feedback control [60] are also reviewed by Everton et al. Pyrometry is limited by speed of imaging and increasingly, infrared cameras are being used to monitor thermal behavior in PBF processes. 

More recent reviews of quality control procedures in metal additive manufacturing are presented by Charalampous et al. [61], Lee et al. [62] and Kim et al. [63]. Charalampous et al. [61] focus on several Non-Destructive Evaluation (NDE) methods have been developed for part quality control in AM. They classify the stages as feedstock, in-process and, post-process phases of quality control. They also mention that there is a need for development of statistical and machine learning based quality control algorithms as opposed to ones that resemble traditional NDE methods. Lee et al. [62]  took a different approach to the review of quality control methods in metal additive manufacturing, by comparing existing methods for metal additive manufacturing and welding. They indicate that similarities between welding and metal additive manufacturing processes lead to learning lessons from one and applying to the other. This similarity has been pointed out by other researchers [64,65] too. Lee et al. [62] point out that some methods e.g. acoustic methods for monitoring are well-developed for welding processes but not well utilized in the metal AM space. This points to a potential gap to be filled in research literature and real-world applications. Kim et al. [63] studied quality control methods in different modalities of additive manufacturing and compared the state of development in each of them. The conclusion from each of these reviews is that there is a need for integrated in situ monitoring systems that can relate process parameters to final part properties and identify regions of potential defects.

In this work, a broad classification of process monitoring literature is presented along the lines shown in Figure 1‑2. Each of the following paragraphs deals with one of the following aspects of monitoring: process mapping, process monitoring and modeling approaches.

 Process mapping
Process mapping refers to study of effect of different sets of parameters on sample geometries. Typical sample geometries are cubes or single bead welds and the effect of parameters like hatch spacing, laser power, exposure time, laser velocity, etc. on properties like melt pool depth, solidification parameters, final microstructure, etc. is studied. An example of a process map for Ti-6Al-4V is shown in Figure 1‑4 [66]. This map indicates a way to determine a process window for each material, within which defects are expected to be minimal. The key idea is that porosity and defects in AM processes are dictated by a combination of laser power vs. beam velocity, since these parameters dictate the net volumetric energy density incident upon the material. This is analogous to weld literature. Process mapping and allied approaches have enabled insights into the physics of melting and solidification kinetics at play in AM processes. Relevant work has been done by various groups [26,67–70] for different material systems. 

However, the process mapping approach may not be able to predict ideal parameters for part quality since varying part geometry also contributes to change in melt pool shape [71,72] and phase transformations. Therefore, solidification patterns and resulting properties of the part change as a function of part geometry, laser power, beam velocity, scan parameters and beam shape [73]. The usefulness of volumetric energy density alone has been questioned by Prashanth et al.[74]. This leads to alternate approaches based on process monitoring or modeling.
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[bookmark: _Ref31405263][bookmark: _Toc66486106]Figure 1‑4: Process map for Ti-6Al-4V in the electron beam, wire-fed DED process (source: Gordon et al. [66]) 


 Process monitoring
Process monitoring refers to developing an understanding of the AM process using sensors and/or algorithms, to observe the process and glean information about it. The data collected through monitoring could be used for defect identification or for further understanding of the effect of process parameters on physics of the process e.g. to understand thermal gradients and use them for microstructure tailoring. Process monitoring for AM processes can be done at different time and length scales. The different length scales can broadly be classified as: particle level, melt pool level and part geometry level. Time resolution typically decreases with decreasing length scale i.e. fine time resolution is required at small length scales while coarse time resolution is sufficient at high length scales. Particle level is not considered process monitoring in the broader sense since monitoring at this level enables a basic understanding of physics of the AM process, but cannot be scaled up to enable part quality monitoring. However, it is included in this review for completeness.

 Powder particle monitoring
Powder particle interaction forms the basis of metal bonding in powder bed fusion processes. Studying powder level dynamics of PBF processes was done by Leung et al. [75]. They observed powder behavior in the melt pool, that can be used to build first principle models to study particle mixing dynamics and physical phenomenon in the melt pool.  Figure 1‑5 shows the development of denuded zone, powder entrapment, spatter and pore generation in a laser PBF process of Invar-36. Resolution at short time scales and fine length scales can be used to understand phenomena like spatter evolution, wetting of powder by melt pool, particle interactions, etc. Other groups have also used high-frame rate videos to study particle kinetics [76] in PBF processes and powder spreading dynamics [41].
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[bookmark: _Ref66282492][bookmark: _Toc66486107]Figure 1‑5: High-speed X-ray imaging to understand powder particle dynamics from Leung et al. [75]. (a) Time series images showing melt pool formation; (b) Denudation surrounding the melt pool; (c) Melt pool wetting; (d) Powder entrainment; (e) Spatter evolution; (f) Resulting porosity. Adapted from Leung et al. [75] 

 Melt pool monitoring
Melt pool level studies are commonly found in PBF literature. Several groups have used high speed videos in the optical or infrared range to study melt pool dynamics. These studies are mostly carried out over a single bead pass in laser PBF. A brief overview of some of these studies is provided here. Yuan et al. [77] used a convolutional neural network (CNN) to predict the track width, standard deviation of track width and track continuity of tracks printed using the SLM process. CNN layers are those in which spatial relationships are maintained in images using an appropriate mapping algorithm. They are most often used in image processing to capture spatial variations corresponding to specific image categories. For labeling the images, Yuan et al. used labels obtained using a height map of the printed tracks. The input to the CNN consisted of frames from a high-speed video recorded at 1000 Hz i.e. 1 frame per millisecond. Both regression and classification were carried out using three separate CNN networks: one each for track width, standard deviation and track continuity. This approach shows promise in eliminating post-build characterization of layers. 

Kwon et al. [78] used a deep neural network to predict laser power based on melt pool images in a SLM process. They created a custom neural network for their application. The input to the network consisted of 60 X 60 pixel images of the meltpool that were cropped from high speed camera images obtained at a frame rate of 2500 Hz during the build process. These images were pre-processed using the “sum-of-pixel-intensity” histograms to remove noise. The neural network was trained to predict laser power for each input image, thereby acting as a regression model. The authors also studied the network’s classification performance by labeling any inference of laser power within a certain range of the correct value as correct and other classifications as incorrect.

It has been recognized that additive manufacturing of metals using SLM is similar to laser multi-pass welding except for complex boundary conditions being imposed. It is therefore relevant to point out that Jager and Hamprecht [79] demonstrated the use of principal components for abnormal melt pool identification in dynamic laser welding. They borrowed a concept called "Eigenfaces" that has been popularly used in face recognition [80]. The idea behind eigenfaces is that most faces can be decomposed into a weighted sum of components and these underlying components can be discovered using Principal Component Analysis (PCA). Similarly, Jager and Hamprecht decomposed melt pools into principal components. "Regular" melt pools that were known to be from error-free welding sequences were used in PCA to identify the principal components, using which each melt pool could be expressed as a weighted sum. A new melt pool to be analyzed could then be scored depending on how well it could be decomposed into a combination of principal components of regular weld pools. The score metric is called Distance From Feature Space (DFFS) error, which is a residual reconstruction error. Melt pools with high DFSS values could be identified as "abnormal" and the underlying weld process analyzed. 

Scime and Beuth [81] used a computer vision-based approach for identification of anomalies in melt pools. Figure 1‑6 shows their approach, where they extracted features of melt pool images using Scale Invariant Feature Transforms (SIFT) and Histogram of Oriented Gradients (HOG). These features were used to extract a dictionary of SIFT words from meltpools. Each meltpool was represented by a histogram of known words and used as fingerprints (histograms) to cluster similar meltpools. Classification of new meltpools was done in this framework using Support Vector Machines (SVM). 
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[bookmark: _Ref66283334][bookmark: _Toc66486108]Figure 1‑6: Steps used in machine learning algorithm trained by Scime and Beuth [81] to identify melt-pool anomalies.

Zhang et al. [82] demonstrated the use of Kalman filter to extract the region of interest from high speed images of the L-PBF process. They extracted features of interest from three categories: melt pool, plume, spatter. In all, Zhang et al. [83] extracted 18 features including melt pool area, plume area, plume major axis length, plume minor axis length, spatter velocity, mean spatter intensity, etc. These features were down-selected using PCA and used to classify between different quality of build scenarios. Classification performance was compared between CNN and SVM with hand crafted features used only in SVM. Results indicated that CNN was able to perform better than SVM, thereby indicating potential for use in quality monitoring in AM.

 Part level monitoring: Sensor-based methods
Initial efforts in process monitoring were generally applied using thresholds on in situ monitoring data, to analyze for the presence of defects. These will be reviewed briefly before delving into process monitoring using algorithms to extract process insights.

Most of the early work in part quality monitoring for AM included in situ part monitoring through various sensors. A review of in situ process monitoring and in situ metrology for metal AM was presented by Everton et al. [54], who in turn built their work on an earlier review of process monitoring and control by Tapia et al. [55]. Everton et al. mention that most metal AM machine manufacturers provide an instrument or two for in situ process monitoring in their system. For example, ArcamTM , a company that makes E-PBF systems, integrates a near IR (infrared) camera in their system. In E-PBF systems, Rodriguez et al. [84], Schwerdtfeger et. al. [85] and other researchers showed that it is possible to integrate an IR camera into EBM systems and identify defects since the IR intensity signal depends on local thermal conductivity of the part. Defects such as pores typically have poor thermal conductivity and can be identified as hotspots in many thermal images. Similarly, Mireles et al. [60] showed that in-situ IR imaging could detect defects within a size resolution of 600 microns but smaller seeded defects may not have been detected either because they were healed when layers on top were melted or because they were too small for IR imaging to capture as a change in thermal conductivity. Defects detected using IR thermography by Mireles et al. is shown in Figure 1‑7. Cordero et al. [86] compared a multi-wavelength pyrometer with an infrared camera for detection of seeded defects in a part. They showed that both modalities performed well in detecting process anomalies, as indicated by ground truth data from CT scans. Infrared cameras require emissivity calibration which can be part dependent but can still be used effectively to capture thermal differences arising due to changes in the process. Boone et. al. [87] showed that using silicon camera technology in EBM can enable higher resolution images to be collected at high speeds that enable melt pool tracking and defect detection. Their work included correction of estimated temperature using an emissivity mask that was made possible due to high-speed imaging and image processing algorithms. Grasso et. al. [88] demonstrated the value of log file analysis and control chart monitoring to differentiate out-of-control EBM builds vs. in-control builds. 

In L-PBF systems, an in situ monitoring method that went from research lab to commercial application is the coaxial camera and photodiode setup for SLM process that was developed and patented by Kruth and Mercelis [89]. Their setup was licensed by Concept Laser, which developed the mechanism further for their L-PBF systems. Toeppel et al. [90] demonstrated that high speed IR camera and photodiode signals can be used to find porosities in a part in the SLM process. Melt pool size and intensities are captured by an IR camera and photodiode integrated into the system. The camera operates at a sampling rate of 15 kHz while photodiode signals are captured at 50 kHz. Image reconstruction in 3-D is done for each layer at the end of a layer print. The reconstruction can be used to identify part defects. As detailed by Everton et al. [54] , various groups used pyrometers and high-speed cameras to monitor phenomenon like balling [91], powder consolidation [59], melt pool monitoring [57], etc.

The studies cited above used in situ monitoring to extract information about the PBF process but most did not make explicit use of machine learning methods to infer process behavior or underlying physics. The next section deals with research work that uses algorithms to extract information about the AM process, using data obtained during the AM build process.
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[bookmark: _Ref66283917][bookmark: _Toc66486109]Figure 1‑7: Identification of defects using IR-thermography in E-PBF systems. Adapted from Mireles et al. [60]

 Part level monitoring: Algorithm driven methods
Scime and Beuth [33,92] used optical images captured at the beginning of each layer in a L-PBF process to evaluate powder spreading and detect potential failures that may lead to issues in part quality. They used different approaches to detect powder spreading instabilities. One approach [33] was to extract “features” manually for classification of powder spreading defects. This was done using image processing approaches like Scale Invariant Feature Transforms (SIFT), using which each image was converted into a “fingerprint”. These fingerprints were then used for classification of the image into various defect categories or non-defective category. Another approach [92] was to extract features automatically from powder bed images using neural networks. This approach used the concept of “transfer learning”. Transfer learning refers to the idea that a neural network that has been trained on an unrelated task can be used as a feature extractor for another image classification task. For instance, AlexNet [93] is a neural network that was developed for the purpose of competing in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC-2010), which involved classification of images into 1000 categories, like refrigerator, microwave oven, scissors, scorpion, walnut, cashew, etc. This network has 2 broad parts to it: the feature extraction and classification parts. The idea behind transfer learning is that the feature extraction layers of the neural network can be used without further training to extract features for other image classification tasks. Scime and Beuth used AlexNet to extract information about powder bed images. They then built a custom classifier to classify powder images into relevant categories like powder streaking, recoater hoping, etc. Scime et al. [94] developed the method further to enable real-time monitoring across different PBF machines. This system has been integrated into a tool suite termed Peregrine for monitoring powder bed systems [95]. Liu et al. [96] proposed a system to optimize laser powder bed fusion processes using prior knowledge from other PBF systems and a machine learning framework to transfer knowledge. Grasso et al. [97] used image segmentation to extract Regions of Interest from the plume emitted during L-PBF process. They then use control charting to identify unstable melting regimes in the process. 

Grasso et al. [98] used a video stream from an IR camera to detect areas in a L-PBF build that were prone to overheating. The key idea was to use Principal Component Analysis on time series data and compute an anomaly detection metric i.e. Hoteling’s T2 metric. This is shown in Figure 1‑8. Clustering of regions using the T2 metric enables detection of regions that overheated in the build. Khanzadeh et al. [99] used multilinear PCA to analyze infrared data streams and combined it with a control charting approach to identify process changes as it occurs. Aminzadeh and Kurfess [100] used Bayesian classification to identify non-defective (smooth) layers of a build versus defective (rough) layers. They tried using percentage of black areas in a thresholded image after segmentation as the feature based on which Bayesian classification could be done. But this approach did not result in good segregation between desired zones of interest. Feature extraction using Fast Fourier Transform on input images led to frequency-based features from thresholded images. These led to better classification results. 

Imani et al. [101] aimed to understand the effect of laser velocity, power and hatch spacing on porosity. They carried out X-ray CT analysis of specimens. They also investigated optical images captured during the build process. The analysis included post laser scan and post recoat images for every layer. Features were extracted based on spectral graph theory and multifractal lacunarity analysis. Classification was carried out using various methods (SVM, Complex tree, Linear Discriminant Analysis, K-Nearest Neighbors, Ensemble (bagged trees) and feed forward neural networks). Combining spectral and multifractal analysis led to best results in terms of classification F-score. 
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[bookmark: _Ref66456085][bookmark: _Toc66486110]Figure 1‑8: 2-D plots (top row) and 3-D plots (bottom row) showing T2 metrics for different layers of a build. High values (shown in yellow) indicate regions of overheating. Adapted from Grasso et al. [98] 


Imani et al. [102] developed a deep learning based anomaly detection process, which involved specific changes made for image processing of optical images in AM. Their approach addressed issues like insufficient contrast, changing layer geometry and lack of consistent region of interest to be sampled. They used CAD geometry to register layer-wise images, and partitioned each layer into multiple sub regions of interest, on which a deep learning algorithm was implemented.

 Modeling approaches: Surrogate models
Rather than using data from sensors, it is possible to use data from models or simulations to determine part quality under varying input parameters. Such models are called surrogate process models. 

Kamath [103] described the surrogate modeling process in detail. Their work takes an iterative approach to alternate between experiments, physics-based model and data driven models for laser powder bed fusion. A physics-based model (Eager Tsai model) was used to predict melt pool depth, width, etc. using a Gaussian beam on flat plate theory. Experiments were used to verify that these values were within reasonable error limits. The physics-based model was used to sample a dense feature space and create data points to build a surrogate model. The surrogate model can be used to identify viable regions in the build parameter space for desired melt pool depth. This approach was repeated using a more complex physics-based model (Verhaeghe model) that took powder effects into consideration. The same iterative approach was followed to build a Gaussian Process model which was then used to identify viable regions in design space. This paper demonstrates possible ways to combine physics-based models, experiments and data driven surrogate models to optimize parameters for laser AM.

Stathatos et al. [104] used a surrogate model approach to predict temperature and relative density along an arbitrarily long laser weld path. Their surrogate modeling approach consists of a master Artificial Neural Network that is trained using 450 FE models that each replicate a short random walk scenario. The master ANN is used in an iterative fashion. It takes as input 17 features- 8 to describe the long-term memory trajectory of the path, 8 for the short-term memory trajectory of the path and 1 for temperature feedback. The feedback term is updated iteratively till certain conditions are met. Thus, this approach combines FE modeling along with ANN to predict AM relevant physical quantities in real-time and can be used in a real-time monitoring application.

Chowdhury et al. [105] used a surrogate model to compensate for part distortion due to residual stresses. Their approach was to use a finite element simulation to predict thermal distortions for an AM part. The resulting distorted geometry was used as input to a neural network. The neural network was trained to produce the original part geometry (without distortions) as the output. This approach made the network learn compensation required in input part geometry in AM to arrive at desired output geometry. Their process workflow also included identification of optimal build orientation as part of the Design for AM (DfAM) process. The workflow is shown in Figure 1‑9.

 Modeling approaches: Thermal modeling
Modeling approaches discussed in the previous section were primarily concerned with predicting broad variables of value in the AM process e.g. melt pool depth, temperature and part distortion. However, many analytic models were also developed with varying degrees of assumptions, for specific use in understanding the underlying thermal processes and associated part properties in materials. Specifically, prediction of thermal histories, thermal gradients and cooling rates are especially important for microstructure tailoring in AM.[27,28].
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[bookmark: _Ref66457661][bookmark: _Toc66486111]Figure 1‑9: Process workflow for part quality and manufacturability optimization at the part level. Adapted from Chowdhury et al. [105]


Roy and Wodo [106] developed a surrogate model to predict thermal signatures in the L-PBF process. Their model was based on the underlying idea that there is a significant amount of periodicity and repetitive computation that occurs in thermal models of the AM process. Their model is built to work using features extracted from the G-code of the part build and predict thermal signatures using a neural network. The neural network is initially trained using a physics-based model but once trained, produces thermal histories in significantly lower time than a physics-based thermal model. 

Schwalbach et al. [107] created an analytic discrete source model that simplifies the moving heat source as a series of discrete point sources and determines the effective thermal signature at each point in the part. This model, while making many assumptions, enables computational tractability of heat transfer modeling in the L-PBF process. Donegan et al. [108] used symbolic time series analysis methods to analyze thermal history obtained from the discrete heat source model  [107]. Symbolic time series analysis resulted in symbol sequences corresponding to temperature history for each point in the build. These symbol sequences were then analyzed using a clustering method. Analysis of different scan strategies led to insights about the effect of various scan strategies on heat transfer within the build. For example, using a snake scan raster pattern led to regions near turn around points where heat accumulation occurred. This could be identified by clustering analysis. Similarly, using an interleaved scan pattern (see [108]) led to a more uniform spread of heat as evidenced by the relatively uniform clustering. Use of symbols to delineate phase transition, melting point and boiling point enabled interpretability of symbols during the clustering process. Donegan et al.’s work is unique from the perspective that it uses modeling in conjunction with time series analysis to give a peek at possibility of tailoring scan strategy for given geometry to produce desired heat transfer characteristics. A similar study by Groeber et al. [109] indicated that thermal modeling using the discrete source model [56] could be effective in explaining porosity and even the orientation of pores with reference to scan strategy. They compared high resolution images of porosity in certain sections of a build with beam stripe patterns and associated thermal fields. They found that stripe boundaries of scan patterns seemed to lead to porosity (Figure 1‑10), while insufficient fusion between neighboring scan tracks also led to lack of fusion porosity. This work hints at the possibility of using thermal modeling in conjunction with data analytics to understand heat transfer, defects and microstructure evolution.

Microstructure control in AM has been demonstrated by various groups [21,22,28,110]. The ability to control cooling rates and thermal gradients in AM leads to the ability to control microstructures in certain materials which have an accessible range of temperatures in which microstructure variation is exhibited (e.g. Inconel 718 [28,110]). Variation in properties of AM parts compared to conventionally manufactured parts is primarily due to the variation in microstructure that is inherent to AM parts. In this context, it is essential to understand the process parameters that lead to different microstructures. Basak et al. [111] present a review of microstructure evolution in AM parts, based on solidification kinetics. They emphasize the role played by process parameters like scan speed, energy source power, thermal diffusivity of the material, substrate temperature on resulting microstructure. 

Given the large number of parameters that influence microstructure evolution, it is essential to have modeling approaches that approximate and predict microstructure based on heat transfer modeling within the part. The original steady state temperature field after one pass of welding was analyzed by Rosenthal [112,113] who developed an equation to predict steady state temperature due to a moving, point heat source on a semi-infinite plate. Extensions of Rosenthal model include variants to predict transient temperature [114,115] and different shapes of the heat source (Gaussian, elliptical, etc. [116].
[image: ]
[bookmark: _Ref66458731][bookmark: _Toc66486112]Figure 1‑10: Porosity associated with a layer seen in high-definition optical microscopy (a); Same section seen in a CT scan (b); Zoomed in images show pores at beam turning points (c) and between hatch space lines (d). Adapted from [109]


Current models being used include a semi analytical heat transfer model [117–119], graph theory-based model [120] and discrete source model [107]. Based on these models, it is possible to predict resulting microstructure of a part using the Columnar to Equiaxed Transition(CET) theory [121], though there are limitations associated with it due to assumptions. Raghavan et al. [27] showed that numerical modeling is useful to understand variations in texture associated with parts printed in E-PBF systems. Their work points out that preheat temperature and dwell time are important factors associated with thermal gradients and associated texture evolution in AM.

However, solving the inverse problem of tailoring scan strategy based on desired microstructure remains a challenge. One approach to pre-determine scan strategy to obtain desired microstructure is detailed by Halsey et al. [122]. They used genetic algorithms combined with a greedy search optimization to come up with scan strategy pertaining to desired microstructure. Limited work has been done on scan strategy optimization for microstructure control in varying geometries. This is an open area of research. 

[bookmark: _Toc66486203]Finished part inspection
In traditional manufacturing processes, inspection of representative coupons or samples from finished parts was often sufficient to ensure part quality. However, in additive manufacturing such inspection is often insufficient due to the factors discussed in the introduction to this chapter. An analogous way to determine part quality is to use “witness coupon” testing. In this approach, the key idea is to build a specimen on the powder bed as a “witness” to the process parameters used and in situ process conditions. Shrestha et al. [123] showed that witness coupon based calibration may be sufficient to ensure tensile properties of a part, but insufficient for fatigue properties where the local nature of porosity may influence behavior significantly. Going beyond tensile properties, witness coupons are unlikely to be sufficient to capture the effect of geometry, scan strategy, hatch parameters on a part’s microstructure and properties. For instance, Prashanth et al. [74] asked the important question “is energy density a reliable parameter for material synthesis by selective laser melting” in the title of their paper. They indicate that while energy density has been an oft-used parameter to indicate the quality of melt and associated porosity in L-PBF parts, it is insufficient to capture hatch spacing and scan parameters. It is in this context that in situ process monitoring becomes important to validate properties of parts in the PBF process. 

Going beyond witness coupons, X-ray computed tomography is a popular method to look “inside” a part and understand part quality especially with regard to porosity levels. Du Plessis et al. [124] presented a study of micro-CT tests of different specimens with varying defects, as evaluated by different laboratories in a blind setting. While the “defects” were identified by all the participants, the authors discuss the variations in quantification of micro-CT results and further steps in the direction of part qualification using CT techniques. Rodriguez-Sanchez et al. [125] present a review of sources of noise in X-ray CT. They also discuss why it is essential to account for not only noise but also other sources of error like beam hardening, scattering and blurring while post-processing results from X-ray CT techniques. Several researchers have published work on improving the capabilities of CT at detecting pores in AM. Lifton and Lui [126] proposed an adaptive thresholding algorithm for segmentation of pores in metal samples from AM. Their algorithm aims to remove beam hardening effects that occur especially when scanning high density metal parts in the X-ray CT process. Ziabari et al. [127] developed a deep-learning based algorithm to remove beam-hardening artifacts and enable detection of pores, at faster speeds than iterative image processing algorithms while maintaining equal levels of accuracy. 

Given the challenges around part qualification and standardization of processes for further adoption, standard test artifacts have been proposed to encourage collaborative and comparative analysis from research groups. Taylor et al. [128] proposed a new test artifact that could enable part level inspection e.g. dimensional inspection, tolerances, distortion, and deeper inspection e.g. effect of overhangs, lattices, channels, thin features on thermal history, anomaly detection. Such efforts could enable more standardization in the AM research community, though the merit in alternate approaches is not diminished.
 
[bookmark: _Toc66486204]Summary of literature
This chapter reviewed published literature on determination of part quality in AM parts. A brief overview of research on feedstock quality, process mapping, and in situ monitoring was given. A detailed look at various data-driven approaches to part quality inspection was provided at the particle, melt pool and part levels. Surrogate models that use simulated data rather than measured data were also described briefly. A few approaches to thermal modeling to predict microstructure evolution was presented. Finally, new research into the field of tailoring scan strategy for desired microstructure was presented.

The objective of the literature review is to identify suitable challenges pertaining to gaps seen in literature, especially in in situ monitoring and part qualification. Of course, the challenges facing the research community in AM will require broader and sustained efforts on many fronts, including in situ monitoring, to fully realize benefits.

The key gaps identified in literature are summarized below:
Lack of well-developed methodology to analyze thermal signatures in real builds. This is exacerbated by both the quality and quantity of data emerging from in situ thermal monitoring.
Need for ways to understand powder behavior during the PBF build process.
Study of inert gas atmosphere and effects on thermal behavior in PBF processes.
These are addressed in the research work presented in this dissertation.

[bookmark: _Ref63782701][bookmark: _Toc66486205]Novel contributions
The key contributions in this dissertation lie in the development of data science tools and algorithms towards enabling in situ monitoring-based part qualification in AM. To this end, the primary contributions can be summarized as listed below:
1. Development and demonstration of a data-driven methodology to understand powder spreadability in E-PBF process using log file data generated in the Arcam system. 
2. Development of a similarity analysis algorithm to compare thermal signatures across different regions of a part using in situ infrared monitoring of the AM process. 
3. Validation of generalizability of the similarity analysis approach to thermal signature evolution in lattice structures.

The rest of this dissertation is organized as follows. Chapter-2 contains research on in situ monitoring of powder spreadability in the E-PBF process. The effect of recycling Ti-6Al-4V powder and Inconel 718 powder on powder spreadability in the E-PBF process are studied using log file data mining. Results are correlated with microscopy and analyzed. Chapter-3 contains details of a novel similarity analysis algorithm developed for thermal signature analysis in metal AM. Results from application of the algorithm to study differences in thermal signatures arising from part geometry are presented. Corresponding microstructure from different regions of the part are analyzed and correlations between thermal signature and microstructure are presented. Chapter-4 demonstrates generalizability of the similarity analysis algorithm to thermal signature analysis in lattice builds. The effect of inert gases on thermal signatures in lattice nodes is studied and conclusions are drawn about the interplay of geometry, scan strategy and inert gas in thermal behavior in L-PBF processes. Chapter-5 contains directions for future work and conclusions.

[bookmark: _Toc420995896][bookmark: _Toc422997483][bookmark: _Toc66486206]
DATA MINING TO STUDY RECYCLABILITY OF TI-6-4 AND INCONEL 718 POWDER in electron beam powder bed fusion
							
	


In this chapter, the details of log file data mining that enabled an understanding of powder spreading behavior in Electron beam Powder Bed Fusion (E-PBF) are presented. The analysis presented here indicates that log files that are created during the E-PBF process in the Arcam ™ system can be used to understand powder raking behavior. Raking behavior refers to the movement of powder rake across the powder bed in the duration between layer prints. Information about rake movement, specifically the number of times it moves across the powder bed to create an evenly thick layer of powder for creation of the next layer, one of the best indicators of powder spreadability in situ in the Arcam ™ EBM system. Deciphering patterns in the raking system behavior enables an indirect inference of powder clumping and sintering that occurs before layer print in the E-PBF process. 

The work presented in this chapter was published in the journal “Additive Manufacturing” and has been reproduced with minor modifications in section 2.5 . The paper can be cited as: 
S. Chandrasekar, J.B. Coble, S. Yoder, P. Nandwana, R.R. Dehoff, V.C. Paquit, S.S. Babu, Investigating the effect of metal powder recycling in Electron beam Powder Bed Fusion using process log data, Additive Manufacturing. 32 (2020) 

Sujana Chandrasekar and Jamie Coble designed the data analysis methodology. Sujana Chandrasekar created and executed the analysis and wrote the manuscript draft. Jamie Coble contributed to the analysis and manuscript editing. Sean Yoder, Ryan Dehoff and Vincent Paquit contributed toward discussion of results. Peeyush Nandwana designed the experimental study and provided discussions on powder sintering behavior. Suresh Babu conceptualized the study, supported discussion of powder sintering and contributed to manuscript writing and editing.


0. [bookmark: _Toc66486207]Abstract

Recycling metal powders in the Additive Manufacturing (AM) process is an important consideration in affordability with reference to traditional manufacturing. Metal powder recyclability has been studied before with respect to change in chemical composition of powders, effect on mechanical properties of produced parts, effect on flowability of powders and powder morphology of parts. However, these studies involve ex situ characterization of powders after many use cycles. In this paper, we propose a data-driven method to understand in situ behavior of recycled powder on the build platform. Our method is based on comprehensive analysis of log file data from various sensors used in the process of printing metal parts in the Arcam Electron Beam Melting (EBM) ® system. Using rake position data and rake sensor pulse data collected during Arcam builds, we found that Inconel 718 powders exhibit additional powder spreading operations with increased reuse cycles compared to Ti-6Al-4V powders. We substantiate differences found in in situ behavior of Ti-6Al-4V and Inconel 718 powders using known sintering behavior of the two powders. The novelty of this work lies in the new approach to understanding powder behavior especially spreadability using in situ log file data that is regularly collected in Arcam EBM® builds rather than physical testing of parts and powders post build. In addition to studying powder recyclability, the proposed methodology has potential to be extended generically to monitor powder behavior in AM processes.

[bookmark: _Toc23753959][bookmark: _Toc66486208]Keywords
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[bookmark: _Toc66486209]Introduction

Additive Manufacturing (AM) has evolved to become a viable option for industrial production of parts with complex geometry, especially in the aerospace, medical and nuclear industries [3,5,129]. This is primarily because of reduced waste generated in the AM process, the ability to manufacture parts that have intricate and complex geometric features for specific functions, and aerospace parts that have high buy-to-fly ratio compared to traditional manufacturing [5]. These enablers are especially desirable for parts made of expensive metals like titanium where waste reduction leads directly to cost savings. In this context, the affordability of material feedstock used in AM can be further improved with recycling of metal powders used in the process. However, given the critical function performed by the AM parts, particularly in safety-critical applications like aerospace and nuclear power, it is important to ensure quality of parts made by recycled powders is equivalent to that of fresh powders. 

Many studies have been performed to understand powder recyclability with regard to its effect on particle morphology [46], flowability [46,48,130], particle size distribution [5,46,49], and oxygen pickup [5,46–49]. A brief review of powder recyclability studies in the Electron beam- Powder Bed Fusion (E-PBF) process and Selective Laser Melting (SLM) process literature is given here. Common trends emerge since both processes are powder bed fusion processes. Recycling of Ti-6Al-4V powders led to an increase in oxygen content [5,46–49], which was the limiting factor in powder reuse for various applications [5,47]. The effect of increased oxygen content on mechanical properties of titanium parts has been studied by various groups with the conclusion that oxygen increased part strength but lowered ductility and toughness [131–134]. These conclusions were shown to hold for parts made of recycled titanium powder [49] due to the increase in oxygen content in powder. Contradictory conclusions were reached by research groups [46,130] on effect of recycling on flowability of powder. A study on the effect of recycling on fatigue life [135] indicates that recycled Ti-6Al-4V powder led to parts with lower elongation and reduced breakage area  even after  Hot Isostatic Pressing that typically closes pores and improves properties. In summary, effects of recycling Ti-6Al-4V powder on part and powder properties have been studied using ex situ analysis methods by different research groups.

There is limited literature on recycling of Inconel718 powder. In general, research papers [47,50,51] report an increase in powder agglomeration and particles becoming less spherical in shape with increased recycling of Inconel718 powder.  

Recyclability studies cited above have varied in their approach but a general framework was proposed by Cordova et al. [52]. The framework consisted of tests to decide whether a powder can be reused in the SLM process based on measured properties like particle shape, powder flowability, chemical composition, and density. It can potentially be extended to the E-PBF process too. Standards developed for characterization of metal powders for AM and their systematic use has been provided by Slotwinski et al. [136].

The above-mentioned studies around recyclability have focused on ex situ characterization to understand the effect of recycling Ti-6Al-4V and Inconel718 powders in the E-PBF or SLM processes. Ex situ characterization can be time consuming and expensive. We propose in situ characterization of powder behavior using data stored in log files, i.e. data from in-built sensors in the Arcam Electron Beam Melting (EBM)® system. Information about Arcam EBM ® software and log files can be found in chapter 5 of [137]. To our knowledge, only one other published work i.e. Grasso et al. [88] has focused on using log file data to understand build characteristics. While Grasso et al. focused on distinguishing between in-control and out of control builds, our work is focused on understanding powder behavior using log file data. In this paper, we demonstrate a data analysis method to study powder behavior, especially spreadability, in the E-PBF process. Our hypothesis is that data collected in the log file of the Arcam EBM® system can be used to understand rake motion and thereby powder spreading during the build process. We expect powder behavior on the build table to change due to reuse of powder and want to explore whether the change can be detected using log file data. We therefore use data collected during powder recyclability tests of Inconel 718 and Ti-6Al-4V alloy powders that has been published earlier [47].  

The paper is organized as follows: Section 2.4 contains a brief description of E-PBF builds used in this study. Section 2.5 presents an overview of the relevant mechanics of the Arcam machine and outlines the data available in log files used in this study. Section 2.6 describes the data analysis approach in detail. Section 2.7 contains results of this data analysis method on recycled powder build log files. Conclusions drawn from this study and potential areas of future work are summarized in Section 2.8 .

[bookmark: _Ref63780757][bookmark: _Toc66486210]Experimental details

Experimental data in this paper is based on log files, generated by the Arcam EBM® system, of builds used to study powder recyclability by Nandwana et al. [47]. The Arcam EBM® system is an E-PBF system to build metallic parts layer-by-layer. In their work, Nandwana et al. studied recyclability of Inconel 718 and Ti-6Al-4V alloy powders in the EBM® process using an Arcam A2 machine. They built six builds using Inconel 718 and five builds using Ti-6Al-4V powder. The build geometry is shown in Figure 2‑1. The first two Ti-6Al-4V builds reached >88% of planned build height but failed to complete due to arc trip issues. They are therefore excluded from recyclability analysis but presented for completeness by Nandwana et al. [47]. We consider log file data from all five builds of Ti-6Al-4V in our analysis to aid comparison with results presented by Nandwana et al. [47]. Similarly, the fifth build of Inconel 718 failed to complete but is included for completeness in comparison with Nandwana et al. [47].

The recycling process is depicted schematically in Figure 2‑2 and described here. The build process started with approximately 100 kg of the alloy powder. The first build was intended to be the tallest and its height was designed to target complete emptying of powder hoppers at the end of the build. This was done to ensure that all powder would be exposed to electron beam before being recycled. Build heights did not line up in descending order due to powder spillage and failed builds, as described in the results section of this paper.

Once completed, the build was removed from the Arcam build chamber (dotted red arrows in Figure 2‑2) and leftover powder in the chamber was vacuumed (dashed blue arrows in Figure 2‑2) and collected. A small quantity of powder fell through the powder sensors as required by the Arcam EBM ® rake control system. This will be explained in the following section of the paper. Powder in powder sensors was discarded from the study. Partially sintered powder from the external surface of the build was recovered using the Powder Recovery System (PRS) in the Arcam EBM® system. The vacuumed powder was mixed with recovered powder from PRS and sieved on a vibratory sieve through a 100-mesh (150 microns). Powder particles remaining in the sieve, i.e. particles bigger than 150 micron, were discarded.




[image: ]
[bookmark: _Ref10122390][bookmark: _Toc66486113]Figure 2‑1: (a) Schematic of build design used in recyclability study [47]. After each build, the height of the next build was reduced to allow for the reduction in the total available powder; (b) Partially sintered powder can be seen on the exterior surface of the build before the powder recovery operation. (c) Final finished builds are shown with 1 failed build


[image: ]
[bookmark: _Ref14189131][bookmark: _Toc66486114]Figure 2‑2: Schematic of powder recycling process used in recyclability study. Adapted from [47].
A sample was collected from the sieved powder for ex situ analysis. The sieved, recycled powder (dot-dash green arrow in Figure 2‑2) was then emptied into the two powder hoppers and the next build was printed. This process was repeated till the target number of builds had been built.  As a part of the qualification and validation of AM processes, the underlying log files were stored, but never analyzed. This research focuses on using these data to understand powder behavior, specifically powder spreadability, during the build process.

[bookmark: _Ref63780776][bookmark: _Toc66486211] Operation of Arcam EBM and rake control logic

A brief description of the working of the Arcam EBM® system is presented here. The Arcam EBM ® system is shown schematically in Figure 2‑3, Figure 2‑4 and Figure 2‑7. The system consists of a vacuum chamber which contains an electron beam generation and deflection system, two powder hoppers, a build platform, a rake and two powder sensor collection bins beneath the build table. The powder hoppers are gravity driven and deposit powder as mounds at the two ends of the build platform. 

The rake starts the build process by spreading a preset thickness of powder across the build platform. Some powder on the build plate falls through the powder sensor at either end and is used as a control signal for rake movement as described later in this section. A de-focused electron beam pre-heats powder that has been spread on the build table at the start of the build. The aim of pre-heating is to partially sinter powder so that these powders melt without issues like “smoking” [138] during the build process. After the pre-heat step, a focused electron beam traces a path along the powder bed that corresponds to the cross-section to be built. 

[image: ]
[bookmark: _Ref10122351]
[bookmark: _Ref63779162][bookmark: _Toc66486115]Figure 2‑3: Arcam EBM® system schematic (Source: http://www.arcam.com/technology/electron-beam-melting/hardware/)


[image: ]

[bookmark: _Ref23244158][bookmark: _Toc66486116]Figure 2‑4: Inside view of Arcam EBM ® system. Powder hoppers, powder sensors, build platform and heat shield are seen.. Adapted from: http://www.arcam.com/technology/electron-beam-melting/hardware/



Powder along the beam path melts and forms a layer of the part being built. Once a layer is completed, the build platform is lowered by a preset height and the steps above are repeated to build the next layer. For each of the builds described in Section 2.4 , log file data were generated by Arcam EBM® and stored. Arcam log files record process parameters over the course of the build. The parameters used in this paper are rake position, rake sensor pulse and layer height, all recorded with corresponding time stamps. Rake position is the horizontal position of the rake along the build platform. Rake position changes as a function of time when powder is being spread on the build platform. Rake sensor pulse signal measures the time for which powder falls through the powder sensor as the rake spreads powder. It is an indirect measure of quantity of powder that falls through the powder sensors. Layer height records the height of the build after each layer is completed.

The data associated with analysis in this paper has been archived and is available at the link provided in the appendix.

The analysis in this research focuses on rake motion as an in situ indicator of powder characteristics, specifically powder spreadability. For ease of reference, we define terms associated with data analysis. A “layer print” is the period over which the electron beam is turned on and a layer is being printed. “Rake event” refers to the motion of the rake across the build platform. This occurs between successive layer prints. Figure 2‑5 shows two rake events and a layer print in between. During a layer print, the rake position remains constant as the rake is stationary at one end of the build platform. A “rake pass” refers to motion of the rake from one end of the build platform to the other. The set of rake passes that occur between two layer prints comprise the rake event.

Our analysis is based on data collected during rake events i.e. when the rake is in motion and interacting with the powder. Rake motion may proceed under default or abnormal conditions depending on rake sensor pulse values. Under normal conditions, the rake event consists of three rake passes, shown in Figure 2‑5. In the first pass, the “fetch powder” pass, the rake moves into the powder mound closest to it, fetches powder and spreads it across the build platform. The next two passes are “spread powder” passes where the rake does not fetch additional powder but only spreads existing powder across the build platform. In an abnormal condition, also shown in Figure 2‑5, the rake carries out additional fetch powder passes till a stopping criterion is met and then spreads powder in two spread powder passes. The additional fetch powder passes are referred to as “re-raking” passes.

The decision to re-rake or not is based on rake sensor pulse values measured during the fetch powder pass [139]. This is described in Figure 2‑6. Each rake sensor pulse is only labeled as left or right sensor pulse in the log file. To understand rake control logic, we re-label this as near end or far end pulse depending on rake position at the start of the rake event. As the names indicate, near end pulse refers to pulse of rake sensor nearer to the rake starting position while far end pulse is the pulse of rake sensor farther from the rake starting position. Each rake sensor has a minimum and maximum acceptable pulse value associated with it. It also has a maximum allowable count of invalid pulses. If the far end rake sensor pulse during the fetch powder pass is outside acceptable rake pulse values, an invalid pulse is generated. Additional fetch powder passes are carried out till one of two conditions is met : The far rake sensor pulse value is within prescribed limits OR number of far end invalid pulses exceeds set threshold. When this happens, the system determines that the far end sensor is temporarily broken and proceeds with two spread powder passes to complete the rake event. Interestingly, the invalid pulse count is carried over between layers and reset only when a valid pulse is encountered. Upon checking log files, it was found that re-raking control logic described in Arcam EBM ® manual did not hold for 4 out of more than 20000 layers that were analyzed. These layers do not change results of the study in any way since we analyze gross re-raking trends and not layer-specific ones (see results section).
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[bookmark: _Ref10119950][bookmark: _Toc66486117]Figure 2‑5: Two rake events are shown alongside position on the build platform. A normal rake event has three rake passes whereas an abnormal rake event has more than three rake passes.
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[bookmark: _Ref23337331][bookmark: _Toc66486118]Figure 2‑6: Rake control regulation logic based on rake pulse values
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[bookmark: _Ref10119973][bookmark: _Toc66486119]Figure 2‑7: Schematic showing rake near end and far end corresponding to the current rake position

[bookmark: _Ref63780789][bookmark: _Toc66486212]Data analysis approach

This section describes the data analysis approach used in this paper. A flowchart that depicts data analysis of rake position and rake sensor pulses is given in Figure 2‑8. The details of each step of the flowchart are explained in the following subsections.

Step A: 
Step A extracts rake position data from the build log files. The rake position data are divided into separate rake events by indexing rake position off the time stamp associated with build platform height. Build platform height is a variable in the log file that gets updated when the build platform is lowered at the end of each layer print. Its time stamp can be used as an indicator  commencement of a rake event based on which rake position data can be indexed by layer. After the log file data are divided into individual rake events, each rake event i is evaluated in turn to determine if each layer (a) exhibits  evidence of powder problems, or (b) indicates that one or both hoppers have emptied and insufficient powder is available, in which case analysis is halted. These steps are explained in detail below.

Step B: 
Step B analyzes rake position data for a specific layer to compute the total number of rake passes and  determine if re-raking has occurred. The number of rake passes per rake event can be computed by counting rake position data points, which are collected at fairly regular intervals of time during rake motion, and thus the number of rake position data points per fetch powder pass or spread powder pass is roughly constant. 

[image: ]

[bookmark: _Ref10126493][bookmark: _Toc66486120]Figure 2‑8: Flowchart showing data analysis steps in analyzing log files from Arcam EBM® system


The number of rake passes, Nr , can be calculated according to equation (1) after determining the average number of data points per spread powder pass, Ns , and fetch powder pass, Nf , manually from the first few layers. 
					(1)
where N is number of data points in rake event and  indicates rounding to nearest integer. This method of calculating the number of rake passes has been verified by plotting rake position over time from the log file for ten randomly selected rake events per build to ensure that the method calculates the correct number of rake passes per rake event. Across the available builds, Inconel 718 builds and Ti-6Al-4V builds have different frequency of data collection of rake position and therefore have different numbers of data points, Ns and Nf , per spread powder and fetch powder pass, respectively; however, the consistency of data collection within builds of each material type remains. 

Figure 2‑9 shows the number of data points for each rake event (i.e. at the end of each build layer) in the first build of Ti-6Al-4V as indicated in the primary y-axis (on the left) while the secondary y-axis (on the right) indicates the number of rake passes per rake event. The color and shape also indicate the number of rake passes. A “normal” rake event would have 3 rake passes. Figure 2‑9 shows that, in this build, mostly normal raking (3 passes) or 1 additional pass (4 passes in all) occurred prior to layer 1500. After layer 1500, the number of layers with 1 additional pass increased significantly. After layer 2500, the number of rake passes began to increase beyond 4 until all additional raking stopped at layer 2729. The cause of this behavior is explored in step C. 
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[bookmark: _Ref10221331][bookmark: _Toc66486121]Figure 2‑9: Rake position data point count plotted against layer number for Ti-6Al-4V Build 1 shows a rapid increase in re-rake events at around layer number 2500



If rake position data are collected at irregular intervals of time, this method of computing number of rake passes would not be appropriate. In that case, the number of rake passes could be determined by calculating the total distance traveled by the rake in each rake event: 
						(2)
where ri is the rake position at the ith data point. The distance traveled would be proportional to number of fetch and spread powder passes per rake event. 

If analysis of rake position indicates there are no additional rake passes beyond 3, then there is no evidence of powder problems in the current layer i and the analysis moves to the next layer i+1. If additional passes occurred, potential causes are investigated in steps C and D. 

Step C:
In step C, analysis of rake position and rake sensor pulse data determines if additional rake passes are a result of one or both hoppers emptying. Hopper emptying can be identified by evaluating the extreme rake position for the fetch powder pass of each rake event. Figure 2‑10 shows plots of the extreme rake position during fetch powder passes of rake events for a given build. The corresponding positions on the build platform are shown schematically on the left. In other words, Figure 2‑10 shows the position inside the powder mound where the rake moved to fetch powder. The plot on the left shows the left and right fetch powder positions while the two sides are zoomed in on the right. In the initial layers of the build, the rake does not go deep into the powder mound to fetch powder. As the part is printed, the rake moves further into the powder mound to fetch powder because the rake finds insufficient powder close to its resting position. The Arcam EBM® system uses rake sensor pulse as a control signal to compute the depth inside the powder mound to which the rake must move to “fetch” powder [139]. A characteristic sign of powder hopper emptying is that the rake moves to the maximum allowable position on the build platform to fetch powder. This is referred to as “rake position max out” and has been observed consistently across a variety of builds when either hopper empties. When the rake finds that no more powder is available, it moves to the other end of the platform to fetch powder. When both hoppers empty, the rake re-rakes repeatedly until the maximum allowable invalid pulse count is reached (as seen at layer 2729 in Figure 2‑9). At this point, the rake sensor is deemed temporarily broken by the system and the layer is completed with 2 spread powder passes. It is important to note that even after hoppers empty out as indicated by extreme end positions of the rake, the Arcam EBM ® system continues building the part. This may be because the system accounts for the possibility of a broken rake sensor. When part build occurs beyond hopper emptying, the part may be prone to defects due to insufficient powder availability during final build layers. Figure 2‑10 illustrates extreme rake positions across layers of the build for which rake passes are shown in Figure 2‑9. Figure 2‑10 exhibits insufficient powder due to hopper emptying. As inferred from Figure 2‑10, the right hopper empties out approximately at layer 1500 while the left hopper empties out approximately at layer 2500. 

Rake position analysis described above indicates if either (or both) hopper(s) emptied. If log files indicate that rake hoppers did not empty out during the build, then additional rake passes detected in Step B were caused by other reasons of low rake sensor pulse. This is investigated in Step D.
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[bookmark: _Ref10821955][bookmark: _Toc66486122]Figure 2‑10: Rake extreme positions shown for each fetch powder pass in each rake event for the first build of Ti-6Al-4V 



Step D:
If hoppers did not empty but additional rake passes occurred, we hypothesize that particle sintering occurred on the build platform, leading to low rake sensor pulse. Particle sintering can lead to powder agglomeration, resulting in poor powder spreadability on the build platform and therefore insufficient powder flowing through the rake sensor. There is no existing metric to evaluate in situ powder spreadability [45] but we can use basic sintering kinetics to analyze if our hypothesis points in the direction of powder agglomeration. We can also use ex situ SEM images of powder samples to check for powder agglomeration. A note of caution with SEM images is that ex situ powder analysis is done on powder after it is put through the PRS system and the sieve. So, signs of particle sintering and agglomeration may not be seen clearly. Ultimately, the effects of poor powder spreadability on part quality must be understood. Particle sintering and part quality analysis are beyond the scope of the current research and are potential areas of future work.

[bookmark: _Ref63780801][bookmark: _Toc66486213]Results

Results from data analysis described in the previous section are presented for all builds described in Section 2.4  and included in previous work by Nandwana et al [47]. 
We start with Inconel 718 builds, which had five successful builds (build 5 failed at less than 35% of intended build height). Figure 2‑11 shows the rake position-based analysis results for the number of rake passes in Inconel 718 builds. 
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[bookmark: _Ref10475041][bookmark: _Toc66486123]Figure 2‑11: Data analysis results for Inconel 718 builds


Build 1 was made with virgin powder while Build 6 has powder that has been recycled four times (Build 5 failed, and powder was not exposed to the electron beam from that build). Build 1 did not have pulse data recorded in the log file due to lack of positional orientation between powder sensors and build platform, resulting in default rake passes. Results presented in this section do not change when we exclude build 1 from the discussion; we have included it for ease of comparison with Nandwana et al. [47]. Following the steps in the data analysis flowchart (Figure 2‑8), there is evidence of hopper emptying in all Inconel718 builds except build 5. Ignoring layers built after either hopper started emptying, we are left with fewer layers to analyze powder behavior change due to recycling. Table 2‑1 summarizes the percentage of layers that had additional rake passes due to powder-related issues and not due to hopper-emptying issues for Inconel 718 builds. From Table 2‑1, we observe that increased powder recycling led to increased rake passes after build 3, and this increase cannot be attributed to hopper emptying. We use sintering kinetics to explain powder agglomeration that may have happened and support our hypothesis using SEM images. Sintering kinetics are presented later in this section. SEM images published by Nandwana et al. [47] (reproduced in Figure 2‑12) indicate powder particle agglomeration in Inconel718 powder with multiple reuse cycles. Since SEM images were taken after recycling powder through the PRS and sieve, they are not completely representative of changes in powder on the build plate but indicate broad trends.  From the PSD (Figure 2‑12), we observe an increase in large-sized particles with increased powder recycling and an accompanying increase in average powder particle diameter. The PSD indicates that virgin powder had many large particles but, after Build 1, the PSD changed significantly, hinting that large particles present in virgin powder may have been sieved out. Our finding of powder agglomeration in recycled powder is in agreement with findings of other research groups [47,50,51,140,141] who studied Inconel 718 powder recycling in the SLM and E-PBF processes.



[bookmark: _Ref63781420][bookmark: _Ref64635463][bookmark: _Toc66468224]Table 2‑1: Re-raking in Inconel 718 before hoppers empty out

	Build serial number
	Number of layers printed
	Layer number at which first hopper showed evidence of emptying 
	Number of re-raked layers prior to hopper emptying
	Percentage of layers before hopper emptying with re-raking

	1 (excluded from analysis due to improper alignment of powder sensor)
	1618
	1300
	1
	0.1 %

	2
	1733
	1500
	1
	0.1%

	3
	1467
	900
	2
	0.2%

	4
	1333
	700
	62
	8.9 %

	5 (excluded from analysis since it failed early)
	214
	No clear trend seen due to erratic build
	-
	-

	6
	800
	550
	143
	26 %


[bookmark: _Ref63782031]


[bookmark: _Ref64635442][bookmark: _Toc66468225]Table 2‑2: Re-raking in Ti-6Al-4V before hoppers empty out

	Build serial number
	Number of layers printed
	Layer number at which first hopper showed evidence of emptying
	Number of re-raked layers prior to hopper emptying
	Percentage of layers before hopper emptying with re-raking

	1
	3858
	1500
	45
	3 %

	2
	1854
	1500
	174
	11.6 %

	3
	4500
	4000
	516
	12.9 %

	4
	3500
	2000
	298
	14.9 %

	5
	2500
	1500
	225
	15.0 %





The results of analysis of the five Ti-6Al-4V builds are shown in Figure 2‑13. It is to be noted that builds 1 and 2 were failed builds as mentioned by Nandwana et al. [47] and are included only for comparison and completeness. They do not affect our conclusions in any way. 

Only builds 1 and 4 indicate emptying of both powder hoppers. The percentage of layers experiencing re-raking not attributable to hopper emptying, summarized in Table 2‑2, remains roughly constant across Ti-6Al-4V builds after the first build. This is in contrast to the results seen in Inconel 718 builds. We examine sintering kinetics of Ti-6Al-4V later in this section to reason out this behavior. SEM images of powder samples and resulting Powder Size Distributions (PSDs) are shown in Figure 2‑14 (reproduced from Nandwana et al. [47]). The PSDs were analyzed using a Horiba LA-950 Laser Diffraction Particle Analyzer [47]. The SEM images look similar across reuse cycles and all of them indicate the presence of a few satellite particles as shown by red arrows on most large powder particles. The PSD also indicates that powder sampled after Builds 2, 3, and 5 all have very similar size distributions. The PSD in Figure 2‑14 suggests that Ti-6Al-4V powder does not exhibit an appreciable and persistent change in particle size that persists across powder with increased reuse cycles. This finding is in agreement with results in [52]where Ti-6Al-4V powder size distribution showed little variation after eleven cycles of reuse in a SLM process.
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[bookmark: _Ref10475894][bookmark: _Toc66486124]Figure 2‑12: (left)  SEM images showing particle shape of Inconel 718 powder after each reuse cycle and (right) particle size distribution of Inconel 718 powder after each powder reuse cycle (reproduced from [47] with permission)
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[bookmark: _Ref14188413][bookmark: _Toc66486125]Figure 2‑13: Data analysis results for Ti-6Al-4V builds



[image: ]
[bookmark: _Ref23438017][bookmark: _Toc66486126]Figure 2‑14: SEM images showing Ti-6Al-4V particle shapes after each recycling cycle and (right) particle size distribution of Ti-6Al-4V powder after different number of powder recycling cycles (reproduced from [8] with permission)


Comparing the effect of recycling on Ti-6Al-4V powder and Inconel 718 powder, we note that Inconel 718 powder exhibits increased rake passes with increase in powder recycling after build 3 whereas Ti-6Al-4V powder exhibits nearly constant re-raking from the second build itself. Following the data analysis framework proposed in this paper, we reach conclusions about the in situ powder spreadability of Inconel 718 and Ti-6Al-4V powders based on their sintering.

The sintering kinetics of powders depend on the particle size distribution, surface, boundary and volume diffusivities [142,143]. In this paper, we focus on the diffusivity effects alone to rationalize the observed behavior. The processing temperature of Ti-6Al-4V builds range from 500 to 700°C. At this temperature, both BCC (-phase) and HCP (-phase) structures are expected in this alloy. Because the diffusivity of elements in -phase is higher than that of the -phase, we can assume that the sintering kinetics may be accelerated by the presence of -phase.  The self-diffusivity of titanium in -phase is on the order of 10-15 m2/s at 700°C [144].  From the build log files, we found that the median build time for Ti-6Al-4V builds is 38 seconds per layer and while for Inconel 718 builds, it is 84 seconds per layer. This can be considered the median residence time for powder in the powder mound, waiting to be spread on the build platform. During this wait time, the powder could be sintered due to contact with the heated build plate. Using the residence time, we can calculate the random walk diffusion distance (to be 39 µm for titanium. In contrast, the processing temperature of Inconel 718 build ranges from 850°C to 1000°C.  At these temperatures, the stable phase is FCC structure and the self-diffusivity of nickel in FCC-phase is on the order of 10-16 m2/s at 850°C [145]. By using the measured residence time for each layer in Inconel 718 (84 seconds), the diffusion distance is 18 µm.  It is indeed clear from the calculations that the sintering kinetics of Ti-6Al-4V will be at least twice as fast as Inconel 718 for every layer.  

The calculated sintering kinetics and observed rake behavior may explain in situ powder spreadability: In the first few layers of a Ti-6Al-4V build, mostly fresh, un-sintered powder is spread across the powder bed and therefore there is minimal re-raking. We hypothesize that over time the powder deposited from the hopper -as a mound on either end of the powder bed- sinters due to heat from the powder bed. After sufficient time has passed, partially sintered powder from either end of the powder bed is being spread on the bed. This leads to short rake sensor pulses due to poor spreadability of powder with sintered agglomerates. Since this behavior is not dependent on powder recycling but on the sintering kinetics of Ti-6Al-4V itself, we expect to observe re-raking in the early builds itself; re-raking is seen from build 2 (i.e. after 1 reuse cycle). However, fast sintering would also lead to large particles that get sieved out at the end of each build and thus sintered agglomerates would not persist across builds. This conclusion is supported by SEM images in Figure 2‑14. In Inconel 718, sintering in powder mound is expected to be sluggish in the time between replenishment of the powder mounds, compared to Ti-6Al-4V. But, slow sintering of all the Inconel 718 powder is expected to sustain across reuse cycles since slow sintering leads to particles that are small enough to pass through the sieve. This explains why powder sintering is seen in later builds of Inconel 718 (after Build 3) and increases visibly with recycling beyond three cycles (see red arrows in Figure 2‑12). 

In the series of Ti-6Al-4V builds, the first build exhibits significantly lower re-raking compared to other builds. We believe that this is because of the dryness of fresh powders and lack of oxygen pickup in fresh powder. With just one cycle of reuse, sufficient moisture and oxygen pickup may have occurred during the build process and during powder recovery and that may have led to significant increase in sintering in Build 2 and in further recycled powders. 

Understanding in situ powder behavior during powder recycling of two commonly used alloys Ti-6Al-4V and Inconel 718 is an important result of log file data analysis as done in this paper. In terms of additional build time due to re-raking: each re-rake pass takes ~3-4 seconds of time. For a 21 hour build (Inconel 718- build 6) that had maximum re-raking (276 re-rake passes), the additional time due to re-raking is ~ 10-18 minutes which is less than 2% of the total build time. So, time taken by itself may not indicate build abnormalities. Using log file data analysis demonstrates a non-invasive method to understand in situ powder spreadability which can lead to build quality issues.

[bookmark: _Ref63780811][bookmark: _Toc66486214]Conclusions

In this paper, the effect of powder recycling on in situ powder spreadability in the E-PBF process was studied. This study demonstrated that it is possible to extract value from log file data by using it to infer powder particle behavior during a build. 

Based on data analysis of parts built using recycled powder, we found that Inconel 718 powder tends to agglomerate over multiple cycles of recycling. This is in contrast to Ti-6Al-4V powder where the powder seems to sinter quickly, irrespective of recycling. This indicates that additive manufacturing of Ti-6Al-4V powders needs different process conditions to account for its quick sintering behavior compared to Inconel 718. This study can also be extended by using the data analysis methodology described here to understand in situ powder spreadability in E-PBF process for other powders. This makes log file analysis a valuable tool for analysis of Arcam EBM ® builds.

Further validation of results about in situ powder behavior and spreadability in this paper could be done using Discrete Element Method (DEM) simulations of powder behavior  [42,146–149], though this is beyond the scope of the current work. Integrating sintering kinetics with a DEM based approach could enable better appreciation for the physics involved in AM and translate into better parameter choice for AM builds.
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[bookmark: _Toc420995900][bookmark: _Toc422997487]The log file data used for analysis in this paper is available at: https://doi.org/10.7290/n8lx7b8 
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[bookmark: _Toc66486220]Similarity analysis for thermal signature comparison in metal additive manufacturing



This chapter contains details of the similarity analysis algorithm developed for comparison of thermal signatures in the L-PBF process. Development of this algorithm and its application to study the effect of geometry on thermal signature evolution is a key contribution in this dissertation. The significance of the developed algorithm is that it is directly applicable to study differences in thermal signature using data from infrared monitoring of a part during the L-PBF process. Differences in thermal signature may be caused by a combination of multiple factors like scan path, part geometry, and process parameters. It is difficult to study the effect of these parameters using modeling approaches alone to study thermal signatures. A similarity analysis algorithm makes it possible to study similarities, and by extension differences, in thermal signatures across a part. It is relevant to point out that similarity search can be used on data obtained from thermal modeling of L-PBF processes too, but that aspect is not demonstrated in this dissertation. 

The contents in this chapter have been submitted for publication in the Additive Manufacturing journal. The submission is under review. The final version, after completion of peer reviews, is expected to be cited as: Sujana Chandrasekar, Jamie B. Coble, Fred List, Keith Carver, Serena Beauchamp, Amy Godfrey, Vincent Paquit, Sudarsanam S. Babu, “Similarity analysis for thermal signature comparison in metal additive manufacturing”.

Contributions to the paper by each author is described in this paragraph. S.Chandrasekar carried out data analysis, reviewed literature, and authored the manuscript draft. J.B.Coble and V.C.Paquit made substantial contributions to design of the algorithm and visualization of results. F.List performed the in situ data collection setup, contributed significantly to IR data analysis and manuscript editing. K.Carver was instrumental in design of the part for study of heat transfer in SLM and also designed the setup of the data collection system. S.Beauchamp and A.Godfrey performed microstructural characterization and analysis of the samples and aided in discussion of results. S.S.Babu conceptualized the study, aided in interpretation of results and helped to write the manuscript.

[bookmark: _Toc66486221]Abstract
Metal additive manufacturing differs from traditional manufacturing processes primarily due to repeated heating and cooling cycles that are inherent to the process. Such thermal cycling leads to different thermal signatures and associated solidification, microstructure and properties of the printed part. It is, therefore, of significant interest to develop methods to study thermal signatures at different locations of an additively manufactured part, and develop part qualification criteria based on thermal signatures. In this work, we develop and demonstrate a similarity analysis procedure to compare thermal signatures of different locations in a part to each other. The signatures are extracted from in situ infrared (IR) thermography of a part built using laser powder bed fusion. Layer-wise variations in thermal signature that are associated with part geometry are identified using the proposed similarity analysis. Ex situ microstructure characterization is used to validate findings from similarity analysis. Results indicate that similarity analysis is a useful tool for comparison of thermal signatures within a part and to understand the effect of geometry and scan strategy on thermal signature evolution. Similarity analysis proposed here is also shown to be useful in identification of anomalous thermal signatures. The analysis method paves the way for improved in situ monitoring of AM parts and wider adoption of metal additive manufacturing processes.

[bookmark: _Toc66486222]	Keywords 
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[bookmark: _Toc66486223]Introduction
Additive Manufacturing (AM) has rapidly gained traction as a viable method
of part production and comes under consideration for various applications in aerospace [29], nuclear [3], and biomedical fields [11]. The ability to create complex parts with near-net shape, combined with the cost advantage of small batch sizes for unique parts make additive manufacturing processes very attractive in niche industries [12]. Additive Manufacturing processes are also being investigated widely for the ability to produce parts using functionally graded materials [14]. While AM has multiple advantages over conventional manufacturing processes, a key challenge is the qualification of parts for application-specific requirements [150]. In conventional manufacturing like forging, rolling, casting, etc., material microstructure is fairly uniform across a roll or billet of material and can be reasonably predicted due to legacy knowledge and uniform processing methods. It is, therefore, reasonable to qualify coupons of the material and assume bulk properties to be similar to test coupons. However, in Additive Manufacturing, microstructure and part properties can vary significantly across a part [110]. This is primarily due to thermal cycling in AM processes and associated non-equilibrium solidification and solid-state phase transformation conditions across a part. Anisotropic properties are also caused by pores and other defects that are not easy to predict in AM processes [151]. Therefore, research efforts by many groups are focused on novel pathways toward part qualification. 

One approach to build high quality parts with desired properties and limited porosity is to develop process maps [66,68,69] that indicate correlations between process parameters and properties. However, these do not account for part-to-part variation that occurs due to position on the build plate [73], complex geometries, and scan strategy variations [152]. To qualify a part for specific applications, it is necessary to understand thermal cycling patterns i.e., multiple oscillations in peak temperatures, large variations in heating and cooling rate, as well as, changes to ambient temperature in every layer across a part [23,152]. Modeling approaches that account for the complexity of AM processes, are time-consuming to run and contain multiple assumptions about heat transfer mechanisms, powder interaction and fluid flow effects [23] . An alternate path to part qualification is to use in situ monitoring methods [92,98,153,154]. We propose understanding thermal cycling in the laser powder bed fusion process using time series similarity analysis of data from in situ infrared (IR) thermography. Time series similarity analysis can help to identify regions of similar thermal history in the part, while also highlighting anomalous zones. This information can be used as an integral component of a larger part qualification system. 

Reviews of monitoring methods in AM are presented by Everton et al. [54] and Tapia et al. [55]. Some common modalities that have been used for monitoring include acoustic sensors, infrared thermography using IR cameras, pyrometers, bolometers, and optical imaging. While most of these monitoring methods are effective, they are demonstrated only on representative geometries like cylinders and cubes. Also, recent advances in imaging modalities enable capture of process details especially in the melt pool [155], but the frame rate is very high and thus not easily scalable to reasonably sized builds. Going beyond monitoring, some research groups have developed and applied mathematical data analysis techniques to identify patterns in sensor data corresponding to defects in AM parts. Grasso et al. [98] and Colosimo and Grasso [153] developed anomaly detection methods based on Principal Component Analysis (PCA) of in situ monitoring data in spatial and temporal domains. Scime et al. [33,81,94] developed image processing and neural network-based algorithms for identification of melt pool and powder bed anomalies in AM parts. Montazeri and Rao [154] employed spectral graph theory for dimensionality reduction and identification of anomalous build conditions caused by thin sections and overhangs, using infrared (IR) monitoring. Rather than dimensionality reduction, Lough et al. [156] and Williams et al. [157] directly applied statistical methods to extract parameters like intra-layer cooling time, peak intensity, maximum cooling rate and, time above threshold from IR data, and used these parameters as indicators of build quality. Paulson et al. [158] developed machine learning models to correlate thermal history with porosity levels seen in the part. Mitchell et al. [159] showed that two-color pyrometry, combined with image processing, can be used to detect porosity that correlates with anomalous thermal signatures. While all these studies represent important contributions toward part qualification using in situ thermal monitoring methods, they are primarily intended as anomaly detection frameworks. We develop and demonstrate an analysis method to extract information about both similarities and anomalies in thermal history within a part. Using the proposed analysis, zones of “similar” thermal behavior within a normal melt zone are identified, while anomalous melting is also spotted, using in situ infrared monitoring. Thermal history dictates solidification dynamics and consequently, part microstructure [26,160,161]. Therefore, identification of zones of similar thermal signature can lead to an understanding of microstructures within a part and thus to a similarity-based part qualification paradigm. It also has the potential to aid in tailoring of microstructure, by varying process parameters and thermal signatures appropriately to achieve specific thermal signatures in different regions. 
A brief survey of time series similarity analysis is relevant, since our analysis builds on existing concepts of similarity. For detailed reviews of time series analysis, the reader may refer to review papers by Fu [162] and Atluri et al. [163]. Time series similarity analysis deals with the problem of finding similar patterns across a time series. Comprehensive evaluations of different time series similarity search methods are presented by Echihabi et al. [164]. Some commonly used distance metrics for similarity search include Euclidean distance and Dynamic Time Warping distance. Similarity analysis can be carried out on the numeric time series directly, or using transformed time series data using Fourier, PCA, wavelet or other transform techniques. Alternatively, symbolic time series analysis involves replacing numerical values by symbols, thus enabling the use of string matching and querying methods to mine time series. Using a symbolic approximation typically enables faster analysis and lower data storage requirements. Symbolic time series analysis and clustering has been demonstrated in studying thermal signatures in AM by Donegan et al. [108]. They studied the effect of different scan strategies on thermal cycles in a layer using symbolic approximations of thermal signatures from numerical simulations of temperature evolution in an AM part. 

Our analysis approach computes similarity of thermal profiles at different pixels. The key contributions in this paper are as follows: 
1. An algorithm is proposed for similarity analysis i.e., identification of locations of similar layer-wise thermal history within a part. The distance metric to determine similarity is derived specifically for thermal signatures in AM. 
2. The algorithm can also be used to identify anomalous thermal histories in the part by comparing regions of high dissimilarity with the intended part geometry. 
3. The proposed algorithm is demonstrated on a realistic part geometry using an IR camera frame rate of 100 Hz, paving the way for mapping and analyzing in situ data from an entire build of reasonable size (3” X 3” in this case). 
4. Changes induced in thermal history due to varying layer cross-sectional geometry are studied using the similarity analysis procedure. The important role played by the geometry of underlying layers in determining thermal history and cooling rate in the current layer are analyzed.
The rest of this paper is organized as follows: Section 2 describes details of the build used to capture in situ IR data and the data collection system. Section 3 gives an overview of different steps in the proposed similarity analysis algorithm. Section 4 consists of results of the algorithm, as implemented on IR data from the build in section 2. Microstructure characterization results are also presented for specific regions of the build, to validate results from similarity analysis. Section 5 contains a summary of results and concludes with ideas for future work.

[bookmark: _Toc66486224]Experimental details and data collection
[bookmark: _Toc66486225]Build details
The part design used in this study is described in this section. The Renishaw AM250 laser melting  system was used to print parts shown in Figure 3‑1. The Laser-Powder Bed Fusion (L-PBF) process is an AM process in which a part is built by melting metal powder repeatedly to form layers of a part, using a focused laser beam as the energy source. The material used was 316L stainless steel. The build geometry is shown in Figure 3‑1. The primary geometry consists of a cylinder, with a solid disk section in the central portion of the cylinder along its height. The secondary geometry is the inverse of the primary geometry i.e. the primary and secondary geometry, when combined together, form a solid cylinder (see Figure 3‑1). The aim of the part design was to keep the build area, and thus layer time, constant in every layer. The change in primary part geometry – from a cylindrical wall section to a solid disk section and back to a cylindrical wall section - was designed to cause a change in heat transfer conditions along the height of the cylindrical wall. The change in heat transfer enabled a study of the effects of changing geometry on thermal history and part microstructure in L-PBF.

The parameters used for the build process are shown in Table 3‑1. The final part dimensions were within +/-0.076mm of designed dimensions.

Using the process parameters listed above, the mean laser beam velocity was computed to be 638 mm/s, while the volumetric energy input was calculated to be 53 J/mm3. 

The primary geometry, referred to as “build” in the rest of this paper, is divided into 5 sections and labeled as shown in Figure 3‑2. Table 3‑2 summarizes the layer numbers and description of each section. Sections 1 and 5 are “wall” sections, while sections 2 and 4 are “transition” sections and section 3 is a solid disk section. Layers of sections 2 and 4 that are closest to section 3 have nearly the same cross-section as section 3, but have split lines defined between the walls and the disk in each layer. Figure 3‑2 shows the variation of layer time over different sections of the build. Though the printed area per layer remained constant, the change in laser scan path length in sections 2 and 4 led to an increase in layer time in these sections. These are not expected to change the interpretation of results, since analysis is done one layer at a time.

[bookmark: _Toc66486226]Data collection details

A schematic of the experimental setup used to collect infrared videos of the build using an IR camera is shown in Figure 3‑3 [26]. The IR camera used was a FLIR(R) SC8203 camera with a 100-mm focal length germanium lens. The IR camera was mounted external to the L-PBF build chamber. The entire build process was captured as a continuous video stream at 100 frames per second, in the medium wavelength IR (MWIR) range of 1.5-5 μm. A 1-mm thick sapphire window was used to attenuate wavelengths over 5 μm. A mirror (also called front surface or first surface mirror) was needed to reflect the visible/IR image of the build into the camera lens.  The constraints of the experimental geometry did not allow the camera to capture a good image of the build without the mirror.  The use of the first surface mirror adds some distortion and attenuation of the intensity of the image. Even at a low frame rate of 100 Hz, the quantity of data collected built up quickly. To control the amount of data collected and ensure a reasonable resolution for further analysis, a limited region of each layer, corresponding to 384 X 88 pixels was imaged. This is highlighted in Figure 3‑4. 


[image: ][bookmark: _Ref64631584][bookmark: _Toc66486127]Figure 3‑1: Build 3D view and cross-section







[bookmark: _Ref64633506][bookmark: _Toc66468226]Table 3‑1: Process parameters for the build
	Process parameter
	Value

	Powder and Substrate material
	316L-SS

	Substrate size
	6 in x 6 in x 0.25 in

	Powder size
	15-45 µm

	Layer thickness
	50 µm

	Laser power
	200W

	Point spacing
	60 µm

	Hatch spacing

Hatch Rotation
	100 µm

30°

	Exposure time
	80 µs

	Beam diameter
	70 μm

	Melt strategy
	Meander

	Number of layers
	1524

	Build time
	36.43 hours
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[bookmark: _Ref64633527][bookmark: _Toc66486128]Figure 3‑2: Sections of the primary geometry, referred to as ”build”. (Right) Layer time for each layer of the entire part (primary + secondary geometry).



[bookmark: _Ref61216045][bookmark: _Toc66468227]Table 3‑2: Sections of the build
	[bookmark: _Ref51330875]Section number
	Layer numbers
	Description

	1 (Wall)
	1-514
	Wall section and thin supports

	2 (Transition)
	515-568
	Transition from wall section to disk section. Gradual thickening of supports. Wall and disk zones are printed separately

	3 (Disk)
	569-951
	Continuous disk section

	
4 (Transition)
	
952-1011
	Transition from disk to wall section. Gradual thinning of supports. Wall and disk zones are printed separately.

	5 (Wall)
	1012-1523
	Wall section and thin supports


 

Each pixel has an area resolution of ≈100 X 100 μm2. The size of the dataset collected for the build over ≈37 hours is ≈800 GB. While the entire build process was stored as an IR video file in 16-bit integer binary file format, it may be possible to reduce the volume of data stored in future using real-time similarity analysis described in this paper and discard the raw data.

[bookmark: _Toc66486227]Similarity analysis methodology

The proposed similarity analysis procedure is described in this section. The “thermal signature” or “thermal history” in this paper refers to the heating and cooling pattern that each pixel undergoes over time in each layer (Figure 3‑5- Raw data). The goal of this analysis is to identify pixels within each layer that have similar thermal signature to each other. 

Figure 3‑5 (top) shows the IR intensity curve associated with a pixel over a single layer of the build. The IR intensity curve captures accumulative thermal effects induced due to repetitive laser beam passes at each point in the build. It is important to point out that the recorded IR intensity captures only surface thermal effects in the given layer. Significant subsurface thermal cycles may occur during the build and, may contribute to the final microstructure. Figure 3‑6 shows varying thermal signatures at different pixel locations within a single layer. It is to be noted that the sharp dip in IR intensity near 4000 ms is due to powder recoater movement across the powder bed, at the start of the layer. The geometry of underlying layers determines the area available for heat removal, and thus magnitude and shape of thermal signatures. These thermal signatures are difficult to extract and quantify using knowledge of scan parameters or geometry alone.
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[bookmark: _Ref64633138][bookmark: _Toc66486129]Figure 3‑3: Imaging setup used to collect infrared video of the build process
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[bookmark: _Ref61209978][bookmark: _Toc66486130]Figure 3‑4: Imaged region of build, with dimensions 384 X 88 pixels. Grey grid lines indicate pixels down-sampled at a 1:5 ratio. The solid green line indicates the position of the outer diameter of the cylindrical wall, while the dotted green line indicates that of the inner diameter.
It may be possible to obtain pixel-wise thermal signatures using a thermal simulation model, but running a model for an entire build composed of ~1500 layers can be computationally intractable, depending on the level of detail. Further, while using simulated data informs the user of ideal thermal signatures, they are not necessarily representative of what occurs during the build. Instead, an in situ monitoring method combined with a fast and interpretable algorithm like the one proposed in this paper, can help to identify regions of similar thermal signatures. 
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[bookmark: _Ref64633174][bookmark: _Toc66486131][bookmark: _Ref52208917]Figure 3‑5: Effect of median filtering on IR data. The filter is a moving window filter with window size=9 frames







[image: ]
[bookmark: _Ref51331097][bookmark: _Toc66486132]Figure 3‑6: Examples of thermal signatures at different pixels within a layer. The sharp dip seen near 4000 ms is due to powder recoater movement across the powder bed.



The key steps involved in the similarity analysis of IR data are listed below and explained graphically in Figure 3‑7. 

1. Extraction and filtering of IR data corresponding to a selected layer for analysis
2. Down-sampling of pixels for data analysis
3. Similarity analysis based on different reference pixels
4. Summarizing similar thermal signatures and identifying their locations
All code required for this work was scripted in Python 3.7.

When dealing with infrared data, it is essential to decide whether to convert data to temperature or not. In our work, we chose to work directly on raw IR intensity values rather than converting them to temperature values. This is similar to the approach taken by some research groups [22,30], where the authors extract features based on IR intensity directly. The advantage in dealing directly with IR data is that issues arising from emissivity calibration and associated errors in temperature conversion can be sidestepped. It has been pointed out by various authors [26,156,165] that IR intensity can be used directly for part qualification or with minimal calibration to account for phase change only [87,157]. We affirm this suggestion, especially since part qualification could involve comparing thermal cycles across multiple batches of production or acceptance testing using thermal cycle comparison for single part runs. An element of acceptance testing using a layer-wise approach could be anomaly detection and similarity confirmation within each layer, by comparison of relevant thermal cycles. These do not necessarily involve temperature conversion and associated calibration since absolute temperature values are not being studied.
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[bookmark: _Ref51331113][bookmark: _Toc66486133]Figure 3‑7: Key analysis steps involved in similarity analysis of a layer of the build



[bookmark: _Toc66486228]Extraction and filtering of data
The first step in data analysis is to extract data for the layer to be analyzed. The stored IR video data exists in what is essentially a large p x q x N matrix with p and q being the dimensions (in pixels) of the view region and N being the number of frames of data. To put the quantity of data in perspective, the matrix for this build is a 384 x 88 x 13X106 matrix since the number of data frames is ≈13 million frames. Each layer has between 8000-15000 frames of data, corresponding to 80-150 seconds of layer print time. Once layer-wise data has been extracted for all pixels in a layer, we have a p x q x Nl  matrix, where Nl  is the number of frames in the layer. Before further use of the data, it is essential to remove noise from it. 
Noise exists in an IR signal primarily due to spatter particles that are generated during the L-PBF process and fly across the field of view. These particles are typically present only for a single frame and can be removed using a median filter on pixel-wise time series data. The median filter smooths out a signal by removing short-duration extreme values. For the IR signal in this work, the median filter not only removes spatter noise but also smooths out differences due to asynchronous sampling of the signal w.r.t. the laser beam speed (see Figure 3‑5(bottom)). In other words, filtering the raw IR signal helps to avoid differences in peak IR signal intensities arising from low frame rate of data capture. The median filter is discussed further in Appendix A. 

[bookmark: _Toc66486229]Down-sampling of pixels for data analysis
The next step in similarity analysis of IR data is to down-select pixels along a regular grid (Figure 3‑4) for simplified analysis of the data in a layer. It was observed that adjacent pixels have similar thermal signatures, and the level of similarity depends on the spatial resolution of the IR camera and the geometry of the part. Therefore, analyzing a subset of data is sufficient to indicate trends in thermal signature within a layer. To this end, the view region is simplified into a grid of pixels shown in Figure 3‑4. The grid consists of pixels down-selected at a ratio of 1 pixel for every 5 pixels, separately along the horizontal and vertical directions. Note that no averaging of IR intensities is done in this process and every fifth pixel is chosen along the x- and y-axes of the field of view for further analysis. The first 50 pixels along x-axis correspond to a region where no print occurs and therefore are discarded for further analysis. These steps decrease the computation from an area of 334 x 88 pixels to 67 x 18 pixels. 

[bookmark: _Toc66486230]Similarity analysis based on reference pixels
Existing time series similarity analysis methods compare different time series sequences and identify those that are similar in shape. In an analogous yet significantly modified fashion, we use time series similarity analysis to compare both the shape and magnitude of the underlying thermal signature of pixels, based on in situ IR data. 

To use similarity analysis for IR data, we developed an original algorithm described in Table 3‑3. Similarity is computed between a reference pixel and all other pixels in each layer. Multiple similarity computations can be done using different reference pixels. Choice of reference pixel is discussed further in the results section. Euclidean distance between normalized time series sequences is known to reflect shape similarity[166]. We term this the “shape distance”. To compare magnitudes, we develop a function of time series variances and term it “magnitude distance”. A combination of shape and magnitude distances represents “corrected distance” that can be used for comparison of the time series sequences. These ideas are explained in detail in Appendix C and summarized step-wise in Table 3‑3.
[bookmark: _Ref51357608][bookmark: _Toc66468228]Table 3‑3: Algorithm for similarity search


	Algorithm to compute corrected distance between thermal signature of a reference pixel and other pixels

	Extract thermal signature of each pixel in a layer l.
Filter thermal signatures using median filter algorithm and an appropriate window size (Appendix A).
Down-sample pixels for analysis. IR data is now available as a p X q X Nl matrix.
Select a reference pixel and subset a portion of its thermal signature for comparison with other pixels. The dimension of this query time series is m X 1. (See Appendix B for further details) 
Concatenate thermal signatures of all pixels, leading to a dataset of dimensions Nt x 1 where Nt = p x q x Nl
Compute normalized Euclidean distance dnorm between the reference pixel’s thermal signature and all moving windows of size m in the concatenated time series, using MASS algorithm [167].  (Appendix C)
Compute shape distance from normalized Euclidean distance as:  
This represents distance based on shape similarity between reference pixel and each pixel in a layer. (Appendix C)
Compute variance σ2 of IR intensity for each pixel and reference variance σref2 for the reference pixel.
Compute  for each pixel. If the ratio is less than 1, compute its reciprocal so that the final ratio is always greater than or equal to 1.
Compute magnitude distance as:  
This represents distance based on magnitude similarity of thermal signatures between each pixel and the reference pixel.
Compute corrected distance as the product of shape distance and magnitude distance. 
Corrected distance is the dissimilarity score between reference pixel and each pixel. Pixels with identical thermal signatures have a corrected distance of 1.



In summary, Table 3‑3 indicates that corrected “distance” is computed as a measure of dissimilarity between thermal signatures. Corrected distance of 1 indicates perfect similarity between the reference pixel and current pixel, both in shape and magnitude. Higher values indicate an increase in dissimilarity. 

[bookmark: _Toc66486231]Interpreting similarity analysis results
For a brief overview on reading similarity results, we present results for an exemplar layer in Figure 3‑8 and provide guidance on reading the plot. The contour plot on the left and the thermal signatures on the right are both integral to understand the results of each similarity analysis. The following key aspects are important in understanding the corrected distance maps in Figure 3‑8:
· Corrected distance maps are plotted as filled contour maps. In a layer with no anomalous melting, the corrected distance map reflects the geometry of the printed layer as contour outlines. This is because of different thermal signatures at pixels where melting occurred compared to those where no melting occurred.
· Each corrected distance map is plotted with respect to a reference pixel’s thermal signature, based on which distance was computed.
· A small value of corrected distance indicates high similarity between reference pixel and pixel under analysis. While choosing pixels that are “similar” to the reference pixel, a similarity threshold is used. In this paper,  was used as the definition of similar.  A reasonable value for high similarity would be between 1-2. This value is derived based on inspection of distance maps and how similar thermal signatures are desired to be for a given application.
· An equivalent dissimilarity score means that the pixels are equally different from the reference pixel, but not necessarily different in the same way. The exact nature of the difference in thermal signatures needs to be probed further using other reference pixels (see next point).
· The choice of reference pixels is key in understanding different thermal signatures across a layer. Different reference pixels can be chosen based on prior knowledge of build geometry and by inspection of the distance contours for a single reference pixel. The important consideration is that each reference pixel produces a low value of corrected distance across different areas in a layer. For example, in Figure 3‑8, plots (b) and (c) highlight similar thermal signatures in support structures while plots (a) and (d) highlight similar thermal signatures in the wall zone of the layer. Plot (e) highlights similarity of pixels on the edge of the wall section.
· Beyond identification of similar thermal signatures, it is possible to identify anomalies in each layer by using a corrected distance map and comparing it to intended print geometry. Sharp discontinuities in the distance map indicate a sharp change in geometry. By comparing the contour map with intended layer geometry, one can tell if the discontinuity was due to a change in geometry or if it was an anomaly. This is highlighted in subsection 4.3 in this work.

[bookmark: _Toc66486232]Similarity analysis and associated microstructure results
In this section, results of similarity analysis are presented for a few layers of the build. Microstructure characterization in the transition sections 2 and 4 of the build support insights derived from similarity analysis and are also presented.
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[bookmark: _Ref51331371][bookmark: _Toc66486134]Figure 3‑8: Guide to reading a similarity analysis map: Results for layer 257- section 1

 

[bookmark: _Toc66486233]Similarity analysis results
Figure 3‑8- Figure 3‑11 highlight similarity analysis results for different layers, one per section of the build. Note that all these results have the same three reference pixels used for comparison of thermal signatures. These pixels correspond to regions where we expect a difference in thermal signature, based on part geometry. Results for section 5 are not significantly different from section 1 and are presented in Appendix D.

[bookmark: _Toc66486234]Effect of part geometry on cooling behavior
The primary geometry was designed to study the effect of underlying geometry on thermal signatures in a layer. To confirm that the presence of the disk region (build section 3) changed heat transfer dynamics significantly, we compared layer 568 in section 2 and layer 952 in section 4 (see Figure 3‑9 and Figure 3‑11). These layers were chosen since they are at the interfaces between build sections 2-3 and sections 3-4. Therefore, their geometries were nearly the same as section 3, but the underlying layers were of a different geometry. All compared layers were printed using a 0° scan angle and therefore do not have scan angle changes to account for. Similarity analysis results indicate that the thermal signatures across layer 952 are uniform across the wall and disk zones (Figure 3‑11), primarily due to solid metal underneath it. This trend is not seen in layer 568 (Figure 3‑9). The effect of different thermal signatures in the wall and disk zones is seen in microstructures characterized around these layers and presented in the latter half of the section (Figure 3‑12 - Figure 3‑14).

[bookmark: _Toc66486235]Layer 568 in build section 2
Figure 3‑9 shows layer 568 in build section 2. Being in section 2, it has both the central disk zone and the cylindrical wall zone being printed separately. Due to the scan direction of 0°, it is expected that thermal signatures are nearly constant across the wall zone, and separately constant across the disk zone of the layer. Corrected distance maps corresponding to the three reference pixels indicate three zones of similar thermal signatures: wall zone, upper disk zone, and lower disk zone. These correspond well to the actual zones printed in the layer. 

Upon examination of thermal signatures, interesting trends are observed in each of the three zones. Pixels in the wall zone heat up, melt and then cool down to nearly the original layer temperature. This indicates fast cooling rates. Pixels in the upper disk zone are hot to start with, compared to the wall region. This may be because of underlying hot material from the previous layer. The melt event causes significantly higher IR intensity than the wall region. The cooling rate seems high initially, but gets slower than the wall zone at lower IR intensities. The final IR intensity after cooling remains high. Pixels in the lower disk zone exhibit lower cooling rates than the rest of the layer. This is likely due to the scan order being wall followed by the upper disk zone and finally lower disk zone. This leads to high temperature material surrounding the lower disk zone, leading to fewer avenues for heat removal and a slower cooling rate.
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[bookmark: _Ref52226076][bookmark: _Toc66486135]Figure 3‑9: Thermal signatures in layer 568 from section 2. Comparison with section 4 indicates that layers in section 2 have slow cooling rates due to limited heat transfer through the underlying powder bed and support structures 



[bookmark: _Toc66486236]Layer 754 in build section 3
Figure 3‑10 shows layer 754 from build section 3. Since the layer was in section 3 of the build, the entire disk and wall regions were built using a continuous pass of the laser beam rather than different zones as in section 2. Figure 3‑10 indicates that thermal signatures across the layer are uniform, both in the corrected distance maps (left) and in the extracted thermal signature plots (right). This is expected since layer 754 is positioned around mid-height of the disk section 3. Therefore, sufficient solid material exists underneath the layer to enable uniform heat transfer across the layer into the rest of the build and eventually to the build plate.

[bookmark: _Toc66486237]Layer 952 in build section 4
Figure 3‑11 shows results for layer 952 in build section 4. Section 4 is a transition section, but was built on top of a solid disk region, unlike section 2 which was built atop support structures. This is expected to cause a significant difference in cooling rates between sections 2 and 4. Figure 3‑11 shows that all three zones of layer 952 (wall, upper disk zone and lower disk zone) have similar thermal signatures. The corrected distance values are mostly between 1-4, indicating largely similar thermal signatures rather than the wide range of distance between 1-8 in layer 568 (Figure 3‑9). This seems to be due to the thick disk section underneath, leading to uniform heat transfer. This is an important observation since it indicates the crucial role of geometry in dictating thermal signatures and cooling rates in an AM part.
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[bookmark: _Ref51343755][bookmark: _Toc66486136]Figure 3‑10: Similarity analysis results for layer 754- section 3
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[bookmark: _Ref64633616][bookmark: _Toc66486137]Figure 3‑11: Thermal signatures in layer 952 from section 4. This layer has nearly the same geometry and scan strategy as layer 568 in section 2. The difference in thermal signatures is due to underlying layers being solid metal as in section 4 or powder bed and support structures as in section 2.



[bookmark: _Toc66486238]Observed microstructure corresponding to varying thermal signatures 
To rationalize observed differences in thermal signatures in layers 568 and 952, the microstructure in these regions was characterized using optical and scanning electron microscopy. Optical microscopy of the etched surfaces was used to evaluate the melt pool shape and dendrite shape and size characteristics. In case of scanning electron microscopy, the electron backscattered diffraction imaging (EBSD) was used to evaluate the crystallographic misorientations and the shape of the FCC (austenite) grains.  Specifically, the build was sectioned and imaged near the interfaces between sections 2-3 and sections 3-4. It should be noted that similarity analysis is carried out at the layer-wise (XY section) level, whereas optical and EBSD images correspond to polished slices of the build parallel to the build direction (i.e. XZ direction). Since each layer is ≈ 50 µm thick, it is difficult to determine the exact layer number corresponding to EBSD or optical microscopy images. Schematic diagrams in Figure 3‑12 and Figure 3‑14 show the approximate locations of EBSD and optical images with reference to the build cross-section.

[image: A picture containing many, different, colorful, bunch

Description automatically generated]
[bookmark: _Ref52226439][bookmark: _Toc66486138]Figure 3‑12: EBSD images from the interfaces between sections 2 to 3 and 3-4 as discussed in the text. The bottom row images from [a to e] show a gradual decrease in the columnar austenite (FCC) grain size as we traverse from disk to wall region due to changes in the thermal signatures.  In case of the images from top side, i.e., sections 3-4 (f to i) show only large austenite grains close to the open region of the disk and the rest of the region appears to be similar. The EBSD colors correspond to the inverse pole figures corresponding to various crystallographic directions shown in the key.  No changes in crystallographic texture was observed between the sections. 



Figure 3‑12 shows EBSD grain maps of the disk zone and the wall zone of layers near the interfaces of sections 2-3 (a - e) and sections 3-4 (f - i).  These maps reveal that the grains in the disk zone (a, b and c), are much larger than those in the wall zone (d and e). Many grains in the disk zone are longer than 100 µm and have widths greater than 50 µm.  In contrast, grains in the wall zone have shorter length and their width ranges between 10-50 µm.  Figure 3‑12 (f – i) show EBSD grain maps corresponding to layers near the interface of sections 3-4. These maps indicate uniform grain size distribution across the disk and wall zones, with grain sizes and shapes similar to the regions shown in Figure 3‑12 (d) and (e). The grain size distributions for build sections 2,3 and 4 are shown in Figure 3‑13. There is a clear difference in grain size distribution in section 2, with a mix of large and small grains. Sections 3 and 4 have similar grain size distributions with predominantly smaller grains.

Optical micrographs of a few layers sampled near the section 2-3 interface and section 3-4 interfaces are presented in Figure 3‑14. High magnification images from these locations indicate varying primary dendrite arm spacing in different regions of the build. 

In the L-PBF process, the cooling rate is the product of liquid-solid interface velocity R and thermal gradient G.  Various research studies [161,168–170] indicate that rapid cooling rates of the order of 106 − 107 K/s occur in L-PBF, based on process parameters like laser power, scan speed and scan rotation between layers. This leads to non-equilibrium solidification conditions and the formation of dendritic microstructures in 316L with dominant austenitic phase. Scipioni-Bertoli et al. [168] point out that primary dendrite arm spacing (PDAS) or cell spacing varies inversely with cooling rate and follows an inverse power law of the form d = A(T˙)n, where d refers to cell size, T˙ refers to cooling rate and A and n are constants.

We observed qualitative evidence (Figure 3‑14) for the change in PDAS in optical microscopy and solidification grains measured by electron backscattered diffraction (EBSD) (Figure 3‑12) techniques. The optical microstructures from the bulk region with rapid cooling rate conditions (similar to layer #952) and edge region with slow cooling rate conditions (similar to layer #568) showed fine and coarse primary dendrite arm spacing.  By drawing lines across the primary dendrites and measuring the intercepts, we estimated the PDAS for both conditions. The PDAS for the bulk region was found to be 0.72±0.16 µm and the edge regions were found to be around 2.07±0.35 µm. 

Since the PDAS measurements are often influenced by the sectioning effects, we performed further analyses on EBSD data by measuring the solidification grain size based on boundaries drawn between grains with high angle crystallographic misorientation.  Here we make a hypothesis that the large primary dendrite arm spacing will eventually lead to larger solidification grain size.  To confirm this hypothesis, detailed grain size analyses (Figure 3‑13) were performed with EBSD data in three different cross-sections 2-4 (XZ section) corresponding the regions showing different thermal signatures. The analyses confirmed that the solidification grain size does change from coarse (> 90 µm)  to fine (< 40 µm), as we transition from section 2 (slow cooling rate) to section 4 (rapid cooling rate).  
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[bookmark: _Ref61121328][bookmark: _Toc66486139]Figure 3‑13: Grain size distributions corresponding to sections 2,3 and 4 of the build, as obtained from EBSD images
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[bookmark: _Ref52226639][bookmark: _Toc66486140]Figure 3‑14: Optical images from the interfaces between sections 2 to 3 and 3-4 as discussed in the text. The images from (a) disk regions at the interface between sections 2 and 3 contain coarse solidification dendrites within a large melt pool, while the (b) wall regions show fine dendrites and also small melt pools. The images from (c) disk zones between sections 3 and 4 show predominantly fine dendritic structure, except for the free surface regions. The images from the (d) wall regions at the same sections show fine dendritic microstructure as that of sections 3-4.




Although the focus of this paper is not quantitative correlation of IR thermal signatures to microstructure size distribution, an attempt was made to evaluate the possibility. The analysis, using IR data and published welding metallurgy knowledge, is summarized in Appendix E. The analysis supports the notion that IR thermal signatures can be used as a proxy for microstructural heterogeneity.

An important finding here is that cooling rates of a part can be significantly influenced by the geometry of underlying layers. This effect has been studied by other groups [157,160] but a method to observe it directly using data from in situ monitoring is provided in our work.

[bookmark: _Toc66486239]Anomaly detection using similarity analysis
Similarity analysis can be extended to identify anomalous regions in a layer of a build or even across layers in some cases. A brief overview of this capability is shown in Figure 3‑15. Here, layer 355 from section 1 is analyzed using the similarity analysis procedure. This layer was printed using a 90° scan angle. Plots (a), (b) and (c) in Figure 3‑15 show an unlikely contour similar to the support structures appearing in a region where no melting was intended. To investigate this further, a reference pixel was picked to “probe” the anomalous region. Results in plot (d) show that pixels in the anomalous region exhibited similar thermal signature to some pixels in support structures. The layer was checked on the IR video, and a hot particle was found to land at the region highlighted (inset of Figure 3‑15). This example shows that similarity analysis can be used to identify anomalies that lead to potential defects in the build. Ex situ CT analysis was not carried out on the part. It is possible that the hotspot either healed in subsequent layers or led to an irregularity in the build. The take-away is that identifying such hotspots during the build process can enable informed ex situ analysis or act as input to feedback systems to avoid propagation of defects into subsequent layers of the build. Analysis of thermal signatures based on IR data for other builds using a similar setup as Figure 3‑3 shows that IR cooling rate is significantly slower at porosity[171]. 
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[bookmark: _Ref51344228][bookmark: _Toc66486141]Figure 3‑15: Detection of a hotspot in a layer and associated anomaly in IR data, using similarity analysis and appropriate probing using reference pixels.


[bookmark: _Toc66486240]Similarity analysis is expected to be able to identify such pores due to slow cooling and dissimilar thermal signatures.

Conclusions
In this paper, a novel method to study similarity of thermal cycles and associated thermal signatures in the L-PBF process has been presented. The key contributions of this paper are listed below.
1. A similarity analysis algorithm has been presented for comparison of thermal signatures across a layer of a part. This method combines both shape similarity and magnitude similarity to compare thermal signatures in a part.
2. An application of similarity analysis is demonstrated to study variation in thermal signatures associated with change in part geometry. Results indicate uniform cooling rates in layers with solid layers underneath, and varying cooling rates in layers with part solid and part powder bed underneath.
3. Comparison with microstructure characterized using EBSD and optical microscopy indicated that similarity analysis could be validated using observed microstructure. Regions of uniform cooling rates had similar grain size distributions, while varying cooling rates led to varying grain size distributions. Slow cooling led to large grains while fast cooling led to small ones.
4. Similarity analysis can also be used to identify anomalous regions corresponding to potential defects in the part. While the anomaly detection capability has not been explored in detail, a proof of concept has been presented.

The similarity analysis method developed here could be extended to identify differences in thermal signatures in comparable parts across the build table, based on part position. For similarity analysis to be used as a tool for part qualification, corrected distance limits for part acceptance need to be defined. These limits could be based on ex situ part testing for a few builds. The acceptance limits will vary for each part, based on material, geometry and application. Once defined, acceptance limits can be applied using principles of statistical process control to determine parts that are good or bad, for further use in various applications.
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[bookmark: _Toc66486242]Appendix A. Effect of median filter on IR intensity signal
Consider the IR signal at a pixel during a layer of the build. At low frame rates, the laser beam moves much faster between pixels than the speed at which successive data points are captured. This can lead to variation in peak IR intensity at pixels that experience the same laser beam pattern in a layer, but “see” different patterns. This occurs due to the capture of peak laser pulse in one instance versus laser decay in another instance. Thus, low frame rates lead to asynchronous sampling of data with reference to the laser beam motion. 

Using a median filter captures only long-term trends in the signal and differences due to low sampling rate effects are eliminated. The length of the captured global trend is decided by the filter window size. This is illustrated in Figure 3‑16, which indicates the effect of median filtering on raw IR data corresponding to a single pixel for a single layer. While using a median filter, the size of the moving window plays an important role in the balance between discarding too much information and retaining spatter noise and/or asynchronous laser beam information. It is seen that window sizes between 7 – 13 yield nearly the same result (see Figure 3‑16 - inset). Therefore, a value of 9 was chosen for this work. 

By visually comparing the raw IR intensity to the video, we observe that the oscillations in raw IR signal are correlated to the laser speed and frame rate. Each “oscillatory peak” arises from laser passing at the given pixel or adjacent to it. Therefore, an appropriate window size depends on imaging parameters like frame rate and resolution, and build parameters like scan strategy and geometry.
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[bookmark: _Ref51329508][bookmark: _Toc66486142]Figure 3‑16: Effect of median filter window size on filtering



Generally, median filter is used only with an odd number for the window size to avoid artifacts being introduced into the signal. The median of an odd number of values is the value at the center when the data is sorted in ascending or descending order. The median of an even number of values is the mean of the central two numbers when the data is sorted in ascending or descending order. Therefore, an odd window size does not introduce data points that do not exist in the original signal. A small window size will lead to noise being retained while a large window size will lead to only too much smoothing with limited long-term trends being retained in the signal. It is essential to find a balance between the two extremes using an appropriate window size. 

[bookmark: _Toc66486243]Appendix B. Use of moving windows to compute distance using the MASS algorithm
An illustration of the use of moving windows to compute Euclidean distance between reference thermal signature and all possible locations of thermal signature of a pixel is shown in Figure 3‑17. The reason this is required is that the thermal signature may have specific alignment at which it matches best with the reference thermal signature. 

Computing this alignment would require a model that captures the exact beam scan strategy, layer geometry and camera frame rate. We are not aware of such a model to predict thermal signature and its alignment for each pixel. We prefer to compute distance over all possible moving windows using MASS and select the alignment with minimum distance as the most appropriate alignment with the reference pixel.
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[bookmark: _Ref51329445][bookmark: _Ref51329410][bookmark: _Toc66486143]Figure 3‑17: Concatenated thermal signatures of 3 pixels, along with a few moving windows that are used to identify best possible match between the pixel and reference pixel’s thermal signature 




[bookmark: _Toc66486244]Appendix C. Details of computation for similarity analysis
C.1. Shape distance
Euclidean distance is the metric of choice to compare shapes of thermal signatures. Euclidean distance between discrete time series sequences xi and yi of length n is given by equation C1.

	(C1)

When Euclidean distance is computed between z-normalized time series sequences, it eliminates differences due to magnitude of the time series being compared [166]. Euclidean distance can thus compute dissimilarity i.e. “distance” based on the shape of the time series curves. Euclidean distance between z-normalized time series can be rearranged and written as given in equation C2, where m is the length of the time series sequences being compared and corr(x,y) is the correlation coefficient between two time series. The correlation coefficient is 1 for perfectly matching curves, -1 for a perfect inverse match and 0 for no match between the curves. A value of zero for normalized Euclidean distance indicates exact shape similarity between the normalized time series sequences being compared. For example, two sine waves having the same phase and frequency but different amplitudes will have a normalized Euclidean distance of 0 between them. 

	(C2)

The normalized Euclidean distance for each layer ranges from 0 to 57 since correlation ranges between -1 to 1 and m is chosen to be 800 for each layer, as explained below. To compute the shape distance, the normalized Euclidean distance is scaled down by a factor of 10 and increased by 1, so that the result is between 1-6. This is done to balance the effect of magnitude distance and shape distance in overall corrected distance (equation C5). The magnitude distance varies between 1-6 as discussed in equation C4.

						(C3)

The choice of m =800 works for this specific dataset since the duration of IR activity at a single pixel for each layer was ~8 seconds (800 frames). Note that layer time per layer is ~ 80 seconds (8000 frames). The difference is that layer time is the time taken to print an entire layer of the part, while each pixel gets heated and cooled only for a fraction of that time. The duration of IR activity depends on scan strategy, laser scan speed and geometry. The value of m is thus case-specific. It can be identified by inspecting the moving standard deviation of IR data and identifying regions of IR activity. 

C.2. Magnitude distance
Comparison of thermal signatures across pixels requires magnitudes to be compared as well, since the magnitude of IR intensity is a proxy for the temperature of a pixel. In our work, we use the variances of the time series sequences being compared to represent the difference in their magnitudes. The function developed is represented in equation C4. 

		(C4)

In equation C4, the reciprocal of variance ratio is used in cases where the reference pixel’s variance is higher than that of the current pixel, thus ensuring that the variance ratio is always >1. We use log of the variance ratio to compute magnitude distance. This is because variance ratio is an expression of magnitude difference between curves, and varies linearly with variance. IR intensity varies over a wide range of 0-16384 (214), for a 14-bit IR signal representation. Using a linear function of variance ratio leads to overwhelming of magnitude distance by large variances. This leads to problems with computation of corrected distance as explained in the latter part of this section. Using log of the variance ratio leads to comparison across variances based on the order of magnitude rather than a linear scale of magnitude. An addition of 1 is done for convenience, to ensure that the minimum magnitude distance is 1 rather than 0. Note that the magnitude distance varies between 1-6 due to the range of variance being 1-16384.

C.3. Corrected distance between time series
We compute corrected distance to account for both shape and magnitude of the underlying time series. We formulate corrected distance as the product of shape and magnitude distances (Eq C5). 

	(C5)

The key idea is that the shape of the thermal signature indicates heating and cooling rates at each pixel, while magnitude accounts for the temperature range of each pixel. The cooling rate is especially important in microstructure evolution, as pointed out in both AM and stainless steel literature [27,160,161,168,172]. While some authors have numerically estimated the cooling rate to be the slope of the cooling curve [168,172], our approach involves a combination of shape and magnitude comparison numbers. Our method is based on a direct comparison of cooling rates based on observed IR signals and therefore independent of noise arising due to numerical computation of the slope. 
C.4. Computational details
Similarity is computed between a reference pixel and pixels in a layer. Considering a total of T = p X q pixels, it is easy to imagine Euclidean distance being computed between each of the pixels and the reference pixel, leading to a total of T distance computations. However, this assumes that the thermal signatures of pixels are well-aligned and registered i.e. their alignment in terms of peak melt event and start/end of heating and cooling sequences are known apriori. This is not the case with IR data. An illustration of this challenge is presented in Appendix B. To find a way around this problem, we compute Euclidean distance between the reference pixel and all possible moving windows of length m in the pixel’s thermal signature, where m is the relevant length of the thermal signature of the reference pixel. We use the MASS algorithm for efficient computation of normalized Euclidean distance. MASS is a fast algorithm that computes normalized Euclidean distance between z-normalized time series [167], using convolutions and the Fast Fourier Transform (FFT) for computational efficiency. We use the MASS algorithm to compute the shape distance and multiply the result by the magnitude distance to determine the corrected distance. Recall from Table 3‑3 that the length of the vector of concatenated thermal signatures of all pixels is Nt = T x Nl. Therefore, the number of moving windows of length m is Nt − m + 1, which is now the total number of distance computations required. The MASS algorithm provides an efficient way to compute z-normalized distance between a long vector and a shorter reference vector, as in our case. 
One shortcoming of concatenating all thermal signatures into a long vector before distance computation is it allows for the possibility of thermal signatures of different pixels to be combined in a moving window. This could lead to “spurious” thermal signatures, based on moving windows that overlap thermal signatures of different pixels, during distance computation. The signatures are spurious since they belong to no single pixel and thus lack meaning. This pitfall is avoided by considering only valid moving windows around the peak IR intensity for each pixel. The minimum normalized Euclidean distance for each pixel is chosen as the position of best alignment between its thermal signature and the reference pixel. The shape distance is now equal to the minimum normalized Euclidean distance, thus picking the best alignment between the reference pixel and pixel of interest. This is similar to cross-correlation between two time series, to identify the location of best alignment. 

[bookmark: _Toc66486245]Appendix D. Similarity analysis results for section 5 of the build
Similarity analysis results for layer 1050, which was built using a laser scan angle of 60° to the horizontal direction, are shown in Figure 3‑18. It is interesting to note that contours of corrected distance are aligned along the laser scan path direction. A hotspot based “anomaly” can also be seen in this layer.

[bookmark: _Toc66486246]Appendix E: Quantitative correlation of IR signature to microstructure
In the main body of the paper, the correlation of infrared thermal signatures to solidification microstructures was discussed in a qualitative manner. In this section, an attempt is made to quantify these correlations based on welding metallurgy theories. The principles of weld microstructure evolution in stainless steel are indeed mature and predictions can be made by calculating the thermal gradient (G) and liquid-solid interface velocity (R) as a function of welding conditions. 

For example, using G and R, one can estimate the onset of phase selection in 316 stainless steels, i.e., emanation of ferrite (BCC) or austenite (FCC) solid phase from the liquid [173,174]. In the current research, the complexity of microstructure evolution arises due to spatial and temporal variations of G and R, while the G and R do not change drastically during steady state welding conditions. This leads to the question: can we use the IR thermal signatures as proxy for evaluating microstructural heterogeneity. To validate this notion, detailed analyses were performed close to the transition regions (layers #568 and #952) that showed major change in cross-section in the cylindrical geometry.
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[bookmark: _Ref64633830][bookmark: _Toc66486144]Figure 3‑18: Corrected distance maps for layer 1050 in section 5



E.1 Estimation of G and R from thermal signatures
In the main section of the paper, we have indicated that the IR data cannot be converted into absolute temperature due to the spatially and temporally varying emissivity values [175].  Therefore, we invoked the following relationship.

					  		(E1)

Since we do not know the emissivity values, to avoid further uncertainties, we assumed C to be 1.  We understand that this assumption will overestimate the temperature.  To estimate the maximum G (units in K/m) at a given pixel local at a given time t, we extracted the infrared intensities of surrounding pixels and estimated the maximum IR gradient using the central difference formulation for numerical differentiation.

   		(E2)

Five pixels were chosen in these layers (Figure 3‑19) and thermal gradients (G) and cooling rates (in the units of K/s) were extracted as a function of time using the following relationship, since our temporal resolution is 0.01 second.
   
			(E3)

Now the liquid-solid interface velocity (R, in the units of m/s) can be calculated by dividing the cooling rate by thermal gradient (G).  Since we are interested in the G and R corresponding the melting temperature or above, we make another assumption of the IR magnitude that corresponds to the solidification temperature of stainless steel.  Since we do not know this value a priori, we analyzed the IR signatures of these two layers (Figure 3‑19), i.e., layers #568 and #952 and set this IR value to be 1000.  Using the calculated G and cooling rate for all the IR value at 1000 or above, the R values were calculated for these pixels.

E.2 Calculation of Solidification Microstructure

The sets of calculated G and R are overlaid on the phase selection map (Figure 3‑20) predicted with modified interface response function [49] model.  

It is indeed clear that the G and R values spread across many orders of magnitudes. Based on the statistical distribution of G values shown in Figure 3‑20 (b), it is indeed clear that there is no significant change in G values for layers #568 and #952. This is indeed expected since our pixel resolution is only 100µm and gradients above 106 K/m are not accessible by our measurement technique.  In contrast, the calculated R values do show a statistically distinct differences between layers (Figure 3‑20 (c)).  These variations were indeed expected from the slow cooling rates for the layer #568 (Figure 3‑19).  

The phase selection map indicates that, for most of the thermal signatures, layer #952 will lead to austenitic dendritic mode of solidification, while the locations within the layer #568 will solidify either as ferrite or austenite.  Although, preliminary electron backscattered diffraction (EBSD) analyses and X-ray diffraction analyses have shown the evidence for the presence of residual ferrite at room temperature, further detailed compositional analyses is needed to confirm the same which is part of a separate paper.  We also calculated the primary dendrite arm spacing (Figure 3‑20 d). The calculations indicate that the PDAS in the layer #952 will be finer than layer #568.  It is important to note that magnitude of the PDAS estimate is indeed very sensitive the factor “C” we used in the conversion from IR to temperature. However, we can safely conclude that the PDAS of thermal signatures with rapid cooling conditions will indeed lead to finer PDAS compared to that from slowly cooling regions.
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[bookmark: _Ref61122297][bookmark: _Toc66486145]Figure 3‑19: Comparison of raw IR signals from five pixels in layers #568 and #952 where large changes in solidification microstructures were observed.

[bookmark: _Ref61122427]
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[bookmark: _Ref64648512][bookmark: _Toc66486146]Figure 3‑20: Summary of solidification microstructure prediction using published models: (a) Overlaid phase selection map for the sets of G and R for layers #568 and #952; Statistical distribution of (b) G and (c) R for the same layers show stark differences; (d) calculated primary dendrite arm spacing based on the empirical equations [176].



[bookmark: _Toc420995911][bookmark: _Toc422997498]Although the above analyses confirmed direct correlations between thermal signatures to microstructural heterogeneity based on solidification grain size, there are limitations in our current analyses. The estimation of G and R may be systematically lower or higher depending on the proportionality constant “C.”  In addition, the confidence in spatial correlation of thermal signatures measured in layer surface (XY sections) to the microstructure observed in XZ section cannot be reliable due to limitations of sample sectioning and also remelting of the ith layer by (i+1)th melt process.
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[bookmark: _Toc66486248]VALIDATION OF SIMILARITY ANALYSIS USING TI-6AL-4V LATTICE STRUCTURES





This chapter contains details of a study that explores thermal signatures of different locations in Ti-6-4 lattice cubes built using L-PBF process. Lattice nodes that have different geometric connectivity exhibit clear differences in thermal signature as recorded using an IR video monitoring of the process. Differences in thermal signatures that occur due to different inert gas atmospheres i.e., between Argon and Helium inert gas atmospheres are also explored, in conjunction with effects of geometry. This study is being drafted as a journal paper and will be submitted in the near term. The appendix includes images that are meant for completeness of the dissertation but not included in the proposed paper.

The expected citation for this paper is: Sujana Chandrasekar, Fred List, Sabina Kumar, Jamie Coble, Keith Carver, Vincent Paquit, Sudarsanam S. Babu, “Effect of inert gas atmosphere on thermal behavior in Ti-6-4 lattice structures”.

Sujana Chandrasekar was responsible for methodology development, software implementation, data analysis and manuscript writing. Fred List and Keith Carver conceptualized the study, designed lattice geometries and built them in the Renishaw M250 AM system. They also collected designed and set up the imaging system to collect IR data associated with the build. Fred List also aided in manuscript writing. Sabina Kumar carried out microstructural characterization and associated interpretation of results. Jamie Coble and Vincent Paquit were involved in methodology development and supervision. Sudarsanam S. Babu was responsible for discussion of microstructural results and interpretation of thermal data trends.

[bookmark: _Toc66486249]Introduction
Additive Manufacturing processes are increasingly popular for manufacture of parts with complex geometry and open up the design space in a significant manner. They are being actively considered or in service in the aerospace, nuclear and biomedical domains[6,8,10] . However, part qualification poses a significant challenge in additive manufacturing processes. This is primarily because repetitive melting in the AM process leads to complex thermo-mechanical cycles that in turn lead to intricate phase transitions and associated microstructure and mechanical properties in different regions of the part [28] . Defects that occur due to porosity, lack of fusion, keyholing and poor powder spreading can also lead to premature part failure [66] . In this context, a similarity analysis methodology was proposed by Chandrasekar et al. to study thermal signature similarities across regions of a part using in situ monitoring. In their work, Chandrasekar et al. applied the similarity analysis algorithm to study the effects of change in cross-sectional geometry on thermal signatures and associated microstructure. In this paper, the similarity analysis algorithm is used to study the interplay between the effect of different inert gases, changing part geometry and scan strategy on thermal signatures in the L-PBF process. Specifically, the differences in thermal signature that occur in the presence of Argon vs. those in the presence of Helium are studied. It is important to understand the effect of different inert gases since their selection has not been standardized in the additive manufacturing community. Use of appropriate inert gases may lead to significant control over thermal behavior of parts built by the L-PBF process. To date, the study of the effect of inert gases in additive manufacturing has been limited. Pauzon et al. [177] studied the effect of Argon and varying proportions of Helium-Argon mixtures on the L-PBF process by building Ti-6-4 samples. They found that samples built in Helium atmospheres were brittle compared to those built in Argon atmospheres. This has been explained using the significantly higher thermal conductivity of Helium (~10x of Argon) and thermal capacity of Helium. Ruiz et al. [178] showed that use of Helium as a cover gas led to increased melt pool depth, smaller clad heights and lower wetting angle in the laser melt deposition process, which is a directed energy deposition method. Similar trends have been shown in welding literature, where Helium as a cover gas is shown to increase depth of penetration in tungsten inert gas welding  [179]. Bidare et al. [180] studied different inert gases under varying pressures in the inert gas chamber. They found that the increased pressure levels of Ar and He led to increased melt pool temperature in both cases. However, Argon had an increase in the amount of spatter generated and poor quality of beads. Helium, on the other hand, did not have increased spatter due to less laser plume and spatter. They suggested that the use of Helium at high pressures may be more efficient than use of Argon at atmospheric pressures, since the higher pressure of Helium allowed higher scan speeds while maintaining high melt pool temperature without associated degradation due to spatter. This led to maintaining good surface finish at faster print speeds. But they also indicated the need for further investigation due to the high complexity and cost involved in using He in PBF systems. Wei et al. [181] studied thermal conductivity of metal powder under different pressures of Argon, Helium and Nitrogen inert gases. Their measurements indicated that the gas pressure is an important determinant of thermal conductivity of powder. They postulate that this is due to infiltration of the powder by inert gas. Helium in particular leads to a significant increase in powder thermal conductivity at high pressures. Their study indicates that metal powder and inert gas should not be considered as separate factors but rather as a combination that determines thermal conductivity of powder in the L-PBF process. 

The above-mentioned studies are valuable in understanding the effect of inert gas on powder and part properties in L-PBF. However, a direct observation of thermal behavior could provide additional insights into the effect of inert gases and this has not been carried out. In this study, we demonstrate the use of in situ monitoring of the build process using a high-speed infrared camera and similarity analysis of thermal signatures to understand effect of inert gas on the L-PBF process. The results from thermal signature analysis are validated using microscopic characterization of the builds and hardness measurements. Such a study would enable a better understanding of the interplay between parameters like scan strategy, part geometry and inert gas. It could also act as a validation tool for thermal simulation models to evaluate different inert gas atmospheres. 

Specifically, we study the effects of Ar vs. He using identical lattice structures of Ti-6-4 that were built using the L-PBF process. A lattice cube was chosen to follow thermal trajectories during L-PBF process, similar to bead-on-plate experiments in welding literature. When a layer of the lattice is laser processed, small spatially dispersed areas of the powder bed are melted and allowed to cool. The effects of melting of adjacent areas in the layer on the thermal profile of the area of interest are minimal, which significantly simplifies interpretation of results. Using lattice structures also makes it possible to understand the effect of nodal geometric connectivity on thermal signatures in lattice structures. This is important to isolate the effect of geometry versus process parameters. Lattices are also relevant 
for various biomedical applications where lattice structures are widely used [182]. Understanding the underlying thermal signatures and associated microstructures could enable more informed decisions on the type of lattice structure to choose for end use. 

The novel findings in this paper are the following:
· The validity of using thermal signature analysis is first demonstrated by studying the effect of nodal connectivity on thermal signatures in lattice structures. Results show that thermal signatures vary in a pronounced manner with nodal connectivity in lattice structures, as expected based on fundamental heat transfer mechanisms.
· The effect of Ar vs. He on thermal signatures in the L-PBF process is evaluated. Results show that He inert gas cools faster than Ar in most cases, but the cooling rate is dependent on scan strategy and nodal connectivity. This paper is the first to study cooling rates using in situ thermal monitoring in lattice cubes.
· Lattice cubes built in He atmosphere are lighter by ~2.5% than identical cubes built in Ar atmosphere. The reason for this is hypothesized based on thermal properties of Helium and Argon gases and observed mechanical property variations are explained. 

The rest of this paper is organized as follows: Section 4.2 contains details of the builds including the lattice cube geometries and imaging setup used. Section 4.3 contains details of the analysis parameters chosen for similarity analysis and results for a few nodes in a lattice cube. Section 4.4 contains results that indicate the effect of nodal connectivity on thermal signatures. Section 4.5 contains a comparison of thermal signatures for cubes built in Ar vs. He atmospheres. Section 4.6 contains a discussion of microstructure, hardness and mechanical compression test results. Section 4.7 contains conclusions and points towards future work. 

[bookmark: _Toc66486250]Build geometry and imaging details
The geometries used for this study were lattice structures made using Ti-6-4 alloy powder in the L-PBF process. A Renishaw M250 machine was used for the builds. The unit cell of the lattice structure is shown in Figure 4‑1, with illustrations of how they are stacked and arranged together to form layers of the lattice. The struts in the lattice cube have a square cross-section. 24 lattice cubes were built on a build plate (Figure 4‑2 and Figure 4‑3). These consisted of 4 replicates each of 6 parameter combinations. The two parameters that were varied are: lattice strut size was coarse (1.25 mm) or fine (0.8mm) and volumetric energy density was low (A), medium (M) or high (H). Accordingly, there were 6 possible combinations of strut size and volumetric energy density. The cubes had a constant design dimension of 32 x 32 x 36 mm (Figure 4‑4), with the filled volume ratio changing with strut size. The details of the energy density used is given in Table 4‑1. Two separate builds were carried out: one each under Helium and under Argon atmosphere. Argon is the default atmosphere in the Renishaw M250 system that was used in this study. Argon was provided from the vapor over a liquid argon source, and Helium was supplied from a pressurized cylinder of Ultra High Purity (99.999% purity) Helium gas. The high thermal conductivity of Helium relative to other common build gases (e.g., Argon, Nitrogen) presented a problem for the high temperature, Yttria-stabilized Zirconia Oxygen sensors used within the LPB system.  When exposed to Helium rich gas, these sensors failed to maintain temperature (~650°C) and faulted.   In order to operate with Helium, the oxygen sensors were bypassed, and He was introduced into the system with several cycles of evacuation and backfilling to assure that argon had been sufficiently displaced.

To gather infrared (IR) data for thermal monitoring of the builds, a Flir SC 8203 camera was set up outside the build chamber as shown schematically in Figure 4‑5. The images were recorded at a frame rate of 371 Hz with an integration time of 22.2 µsec and a sensitivity range of 200-450 °C through a 50-mm focal length Germanium lens.  Each pixel of the 1024 x 1024 camera sensor collected the thermal intensity emitted from a ~200 µm x 200 µm area of the build plane. The infrared thermography was done in the Mid-Wavelength IR spectral range of 1.5-5 μm. The frame rate of the IR videos was set at 371 Hz to control the amount of data collected and ensure data for every nodal layer over the duration of the build. The entire build plate was not imaged. Instead, 6 cubes at the center (group 2, indicated by cubes starting with 2 in Figure 4‑3) were fit into the field of view so that all 6 parameter combinations could be studied. Some of the replicates were used in compression tests to evaluate mechanical properties of samples made in Ar vs. He atmospheres. This are discussed in section 4.5.

The lattice geometry with unit cell shown in Figure 4‑1 leads to 4 types of nodal connectivity in each cube as shown in Figure 4‑6. Cooling rates are expected to decrease in the following order: 2S > 1S-W > 1S > 1W, based on area available to remove heat from the current node. This hypothesis is studied in section 4.4. Further, the nodal connectivity only changes within certain planes of the lattice structure, termed as 9x9 nodal planes. The other type of nodal plane is a 8x8 nodal plane which has only 2-strut nodes. This is demonstrated in Figure 4‑7.
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[bookmark: _Ref66223457][bookmark: _Ref66223675][bookmark: _Toc66486147]Figure 4‑1: Unit cell of lattice


A (Low Heat Input-50 J/mm3)
Wattage: 200W
Hatch: 115 microns
Exposure Time: 60 micro-seconds
Point Distance: 70 microns
 M (Medium Heat Input-68 J/mm3)
Wattage: 200W
Hatch: 110 microns
Exposure Time: 64 micro-seconds
Point Distance: 57 microns
H (High Heat Input-77 J/mm3)
Wattage: 200W
Hatch: 105 microns
Exposure Time: 67 micro-seconds
Point Distance: 55 microns
[bookmark: _Ref66461877][bookmark: _Toc66468229]Table 4‑1: Energy density associated with lattice cubes
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[bookmark: _Ref66223471][bookmark: _Toc66486148]Figure 4‑2: Build plate showing all 24 cubes built using different parameter combinations
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[bookmark: _Ref66223510][bookmark: _Toc66486149]Figure 4‑3: Parameter combinations of the 24 built cubes. Coarse and Fine indicate strut size, while A,M and H indicate volumetric energy density. The number of each cube indicates its group ID, since 4 replicates were built for each parameter combination.
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[bookmark: _Ref66223487][bookmark: _Toc66486150]Figure 4‑4: Isometric view of coarse (left) and fine (right) strut cubes and their dimensions.
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[bookmark: _Ref66223633][bookmark: _Toc66486151]Figure 4‑5: Details of imaging setup used to collect IR data
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[bookmark: _Ref66223648][bookmark: _Toc66486152]Figure 4‑6: Types of nodal connectivity in each lattice cubes. There are 4 types of nodes, with the majority being 2-Strut nodes.
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[bookmark: _Ref66223702][bookmark: _Ref66223927][bookmark: _Toc66486153]Figure 4‑7: Nodal connectivity of nodes in a 8x8 layer (left) and a 9x9 layer (right)

[bookmark: _Toc66486251]Similarity analysis of thermal signatures in lattice cubes
The similarity analysis procedure described by Chandrasekar et al. is employed in this study to analyze thermal signatures. The primary modification from their work was that log of IR intensity vs. time was used to describe thermal signatures, rather than IR intensity vs. time. This difference is due to the range of IR intensities spanned in the builds used in this study. The IR intensity ranged from 500 units to 16384 units. Using IR intensity vs. time to reflect thermal behavior will lead to poor differentiation between thermal signatures since the signature will be dominated by high intensity levels. Therefore, the log transform is used. The maximum IR intensity value was determined by the active dynamic range of the camera being 14-bits, due to which the IR intensity saturated at 214 = 16384 units. Temperature calibration and conversion of IR intensity is not done in this work. As mentioned by Chandrasekar et al., several studies have demonstrated the value in studying IR intensity as a proxy for temperature, without calibration and conversion to temperature. Moreover, the aim is to compare thermal signatures between nodes of different connectivity and using different inert gases. Therefore, temperature conversion is not required for comparative purposes.

Another pre-processing step was to use homography transforms to project IR data into a top-down view of the build plate. The raw images have a perspective distortion associated with the camera and use of a mirror. To correct for this, the homography transformation is computed using CAD layer geometry of the lattice cubes and applied to IR data. The result of homography transformations is shown in Figure 4‑8, where three pixels are chosen before and after homography projection for a single layer. The original and projected images indicate the visual effect of projection. The effect on thermal signatures is shown in the first vertical panel. The thermal signatures remain nearly the same and do not suffer from drastic changes due to projection. 
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[bookmark: _Ref66223765][bookmark: _Toc66486154]Figure 4‑8: Effect of homography transformation on infrared data. Thermal signatures before and after projection are plotted on the left panel, for three chosen pixels whose x,y coordinates are labeled. The chosen pixels are shown as red dots in the center and right panels, before and after projection respectively.

[bookmark: _Toc66486252]

Similarity analysis of pixels in a few nodes
Similarity analysis is first carried out for pixels in a subset of nodes in a single layer of a lattice cube. Results are shown in Figure 4‑9, where a black star represents the chosen reference pixel and red dots represent the most similar pixels to the reference pixel. The thermal signatures of reference and similar pixels are shown in the right-hand panel. The chosen time frame for thermal signatures was 80 frames, which corresponds to a time of 216 milliseconds. This was deemed a suitable time scale to capture thermal signature of heating, melting and solidification at each pixel, since the thermal data returns to nearly pre-melt level in this span of time. Similarity of thermal signatures is measured with respect to the reference pixel. Five different reference pixels were chosen for the single node analysis. A small value for corrected distance indicates high similarity, with a value of 1 indicating a perfect match. Higher values indicate poor similarity. Determining a “good” value for similarity depends on applications and is beyond the scope of this paper. Instead, an assumption is made that for any reference pixel, a total of 0.2 percent of pixels are very similar to it. Therefore, the threshold for similarity analysis is set using the corresponding value by which 0.2 percent of pixels are similar to a given pixel. This works because of the number of pixels being analyzed per lattice cube (between 12,000 – 13,000 pixels depending on layer). Figure 4‑9 and Figure 4‑10 indicates that thermal signatures vary within each lattice node. The outside of the node cools fast compared to the interior, as evidenced by the differences in final cooled IR intensity. The behavior captured by thermal signature analysis lends credibility to the overall analysis since it is expected that a node behaves like a spot melt with cooling occurring from outside in. This has been supported by simple thermal models like the Rosenthal equation, which indicates that the center of the melt pool is the last to cool [112].
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[bookmark: _Ref66222844][bookmark: _Ref66223805][bookmark: _Toc66486155]Figure 4‑9: Thermal signature similarity maps for 6 nodes in a layer. Reference pixel is pointed out by the orange arrow, while red dots indicate the most similar pixels. Similarity maps indicate that outer pixels of each node don’t get very hot and cool fast, compared to inner pixels near the center.
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[bookmark: _Ref66223846][bookmark: _Toc66486156]Figure 4‑10: Thermal signature similarity maps for 6 nodes in a layer, showing nodes cooling from outside in

[bookmark: _Toc66486253]

Effect of nodal connectivity on thermal signatures
It is expected that the nodal connectivity of lattice nodes influences thermal signatures significantly due to difference in available heat conduction paths. A 2-strut node has a large heat conduction path in terms of area, compared to a 1-strut node, which in turn is larger than a 1-whisker node. Therefore, the thermal signatures were expected to demonstrate a change in cooling rate in the order 2S > 1S-W > 1S > 1W. Similarity analysis was conducted on a layer of a cube corresponding to a 9x9 layer and a 8x8 layer. Results are shown in Figure 4‑11 to Figure 4‑14. It is important to note from Figure 4‑7 that all the wall nodes in a 9x9 layer are 1-S nodes, while the diagonal corner nodes are 1S-W or 1-W nodes. The interior nodes are all 2-S nodes. In contrast, all nodes of an 8x8 layer are 2-S nodes. From Figure 4‑11, we observe that the wall nodes have similar thermal signatures to each other as seen by choosing a reference pixel in the wall region. Analogously, interior nodes have a similar thermal signatures to each other(Figure 4‑12). It is interesting to note that diagonal nodes that are 1-whisker nodes are not similar to wall nodes. These results indicate that nodal connectivity indeed influences thermal signatures in lattice cubes. To validate this further, we studied a single 8x8 layer’s thermal signatures. Figure 4‑13 and Figure 4‑14 show that in a 8x8 layer, all nodes have similar thermal signatures irrespective of being wall or interior nodes. This confirms the hypothesis that nodal connectivity is a driving factor behind thermal signatures in the lattice nodes studied and that area available for heat transfer influences the rate of cooling.
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[bookmark: _Ref66223869][bookmark: _Ref66223961][bookmark: _Toc66486157]Figure 4‑11: Thermal signature similarity maps of a 9x9 layer, using a corner node pixel (top) as reference and a wall node pixel (bottom) as reference. Orange arrows point out the reference pixels. Red dots indicate the most similar pixels.
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[bookmark: _Ref66223963][bookmark: _Ref66224215][bookmark: _Toc66486158]Figure 4‑12: Thermal signature similarity maps of a 9x9 layer, using interior node pixels as reference. Orange arrows point out the reference pixels. Red dots indicate the most similar pixels.
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[bookmark: _Ref66223965][bookmark: _Toc66486159]Figure 4‑13: Thermal signature similarity maps of a 8x8 layer, using a wall node pixel (top) as reference. Orange arrows point out the reference pixels. Red dots indicate the most similar pixels.
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[bookmark: _Ref66223885][bookmark: _Toc66486160]Figure 4‑14: Thermal signature similarity maps of a 8x8 layer, using an interior node pixel (top) as reference. Orange arrows point out the reference pixels. Red dots indicate the most similar pixels.

[bookmark: _Toc66486254]

Effect of inert gas on thermal signatures
[bookmark: _Toc66486255]Differences in mass of identically printed cubes
To study the effect of Ar vs. He on nodal thermal signatures, it was essential to choose cubes that were equivalent. This could be done by choosing cubes built with identical parameters. However, we discovered that cubes built in Helium were much lighter than cubes built using Argon atmosphere. The difference in mass of three sets of cubes with identical process parameters is shown in Figure 4‑15. It is noted that for both fine and coarse strut cubes, those built in He with high volumetric energy density are about the same mass as cubes built in Ar with medium volumetric energy density. This points to potential differences in resulting dimensions or porosity, both of which may be associated with difference in inert gas. This is an important finding for practitioners of additive manufacturing, since it indicates that inert gas atmosphere potentially plays an important role in part dimensions. The hypothesis about difference in part dimensions is further strengthened by the observation of significantly more spatter in the Ar process vs. He process in the infrared videos of the builds (Figure 4‑16). Williams et al. [157] mention that increased spatter is indicative of more powder being drawn into the melt pool and therefore a larger melt pool. A comparison of spatter between Ar and He builds was observed by Bidare et al. too, who indicated that Ar produced higher levels of spatter under the same process conditions as Helium[180]. Rui et al.[178] noticed that Helium builds result in smaller clad height than Ar. This may explain why builds in Ar are heavier than builds in He. Comparison of optical images of the powder bed at every layer of the build could be carried out to look for differences in built dimensions, under identical process parameters. The difference has not been quantified in this work. Further investigation of dimensional differences will be done as part of a future study of material properties of the lattice cubes.
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[bookmark: _Ref66224266][bookmark: _Toc66486161]Figure 4‑15: Comparison of masses of lattice cubes built using identical parameters but using Argon and Helium as cover gases
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[bookmark: _Ref66463375][bookmark: _Toc66486162]Figure 4‑16: Comparison of spatter generation in Ar (left) vs He (right) build. Helium generates less spatter as observed visually.


[bookmark: _Toc66486256]Comparison of compressive properties of lattice cubes
To compare mechanical properties of the lattice cubes built under different inert gas atmospheres, compression testing was carried out as is standard for lattice cube analysis [182]. The lattice cubes were tested in compression using a 45,000 lbs. load frame and a constant head displacement rate of 1.265 mm/min.  Prior to testing, the cubes were separated from the build plate using a wire Electric Discharge Machining (EDM). Two replicates each of cubes built in He and Ar atmospheres were tested for each of the 3 masses of approximately 16, 18 and 40 g (see Figure 4‑15). The cubes are named as per the mass i.e., 16g cubes, 18g cubes and 40g cubes. The stress-strain curves for each set of cubes is shown in Figure 4‑17 to Figure 4‑20. It is evident that the cubes have nearly identical yield stress irrespective of build atmosphere. However, cubes built in Helium atmosphere fail faster and at lower strain rates than those built in Argon. Succinctly, cubes built in Ar seem to be more ductile than those built in He. This suggests that there may have been differences in ductility that were induced by microstructure. It is well-known that Ti-6-4 microstructure depends on cooling rates [183]. Specifically, martensitic microstructure gets frozen in place at high cooling rates, versus a basket-weave microstructure typically associated with lower cooling rates. We hypothesized that Helium enables faster cooling due to higher thermal conductivity than Argon. To verify this hypothesis, we carried out thermal signature analysis of equivalent He and Ar cubes.
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[bookmark: _Ref66224298][bookmark: _Toc66486163]Figure 4‑17: Compression test results for 16g (fine strut, low energy density) cubes indicate early failure of He cubes compared to Ar cubes.
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[bookmark: _Ref66224300][bookmark: _Toc66486164]Figure 4‑18: Compression test results for 18g (fine strut, medium energy in Argon and high energy in Helium) cubes indicate early failure of He cubes compared to Ar cubes.
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[bookmark: _Ref66224301][bookmark: _Toc66486165]Figure 4‑19: Compression test results for 40g (coarse strut, medium energy in Argon and high energy in Helium) cubes indicate early failure of He cubes compared to Ar cubes.
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[bookmark: _Ref66224302][bookmark: _Toc66486166]Figure 4‑20: Compression test results for all cubes indicate early failure of He cubes compared to Ar cubes.

[bookmark: _Toc66486257]

Differences in thermal signatures due to inert gas
Thermal signature analysis of 40g cubes using wall and interior nodes separately as reference pixels is shown in Figure 4‑21 to Figure 4‑24. The analysis suggests that Helium consistently cools faster than Argon, even under higher volumetric energy density conditions. This difference is seen by the slope of the cooling curves under visual inspection. To further compare cooling behavior between Ar and He, thermal signatures of corresponding cubes of similar mass are plotted in Figure 4‑25, with gray zones indicating the spread in thermal signature corresponding to each gas. The plots seem to indicate a difference in cooling rates that is especially pronounced in the diagonal and wall nodes compared to interior nodes. This hints at the interplay between nodal connectivity and inert gas when determining cooling rate. Specifically, it seems apparent that inert gas has a lower influence on cooling behavior in 2-strut nodes (interior nodes) compared to 1-strut nodes (diagonal and wall). This points to the heat transfer being dominated by heat conduction paths. With a higher heat conduction path, the conduction of heat by the inert gas is not as significant (2-strut nodes). With a smaller heat conduction path, the higher thermal conduction effect of Helium takes center-stage and leads to faster cooling in He atmosphere than Ar atmosphere (1-strut nodes).

To confirm this trend, thermal signature comparison was also carried out for adjacent layers in the same nodal plane. The term “nodal plane” is explained here. Each layer of the build is 30 μm while each nodal diameter is 1.13 mm (fine strut) or 1.77 mm (coarse strut). Therefore, each node has 37 (fine) or 59 (coarse) layers in it. All these layers are referred to as the same “nodal plane” but are different layers. The layers that have been imaged and analyzed in this study are near the center of each nodal plane. The 10 layers where thermal videos were captured near the center of each nodal plane were analyzed to confirm the dependence of thermal behavior on both inert gas and nodal connectivity. Results are shown in figures in the appendix (Figure 4‑30 to Figure 4‑33). The comparison indicates that some layers (e.g. layer 132) in the same nodal plane have a pronounced difference between Ar and He thermal signatures, while other layers (e.g. 133, 134) have virtually no difference. What changes between the layers within a nodal plane is (a) a small difference in cross-sectional area being printed, (b) differences in scan angle. This observation suggests that thermal signature comparison between Ar and He builds depend not only on nodal connectivity and inert gas but also on scan strategy and cross-sectional geometry that vary from layer to layer. Specifically, scan strategy variations can lead to a difference in heat conduction paths and significant changes in heat transfer. These trends are consistently observed for coarse strut cubes built at low energy density as well. 

Strikingly, for fine strut cubes, heat transfer is consistently faster in Helium builds than in Argon builds, irrespective of layer and nodal connectivity! Figures in the appendix (Figure 4‑34 to Figure 4‑37) show the results for layers 130-137 for fine strut cubes (18 g). These results indicate that the trend in fine strut cubes is that Helium always cools faster than Argon. This confirms the hypothesis that under small geometric conduction path, the effect of inert gas atmosphere is much more than under large geometric conduction paths. This points to the important role of geometry in determining the degree of influence that inert gas has on thermal conduction. 

The above evidence points to a significant role of nodal geometry in determining thermal behavior of lattices, and an interdependence between inert gas and other factors in AM processes. This is an important takeaway from this study, since most AM practitioners consider the effect of inert gas as being independent of part geometry in the AM process. 
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[bookmark: _Ref66224543][bookmark: _Toc66486167]Figure 4‑21: Thermal signature analysis of 40g cube (Coarse, medium energy density Argon) using wall node pixels as reference
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[bookmark: _Toc66486168]Figure 4‑22: Thermal signature analysis of 40g cube (Coarse, high energy density He) using wall node pixels as reference
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[bookmark: _Toc66486169]Figure 4‑23: Thermal signature analysis of 40g cube (Coarse, medium energy density Argon) using interior node pixels as reference
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[bookmark: _Ref66224546][bookmark: _Toc66486170]Figure 4‑24: Thermal signature analysis of 40g cube (Coarse, high energy density Helium) using interior node pixels as reference
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[bookmark: _Ref66224883][bookmark: _Toc66486171]Figure 4‑25: Layer 132; Thermal signature comparison of Ar vs. He using reference pixels in the wall and interior. The pixels chosen are the same as seen in Figure 4‑21 (diagonal and wall node) and Figure 4‑24 (interior node). 



It is to be noted that high energy density cubes are harder to analyze due to reduced infrared intensity seen in the last few rows of nodes. This is due to soot deposition on the mirror. This effect becomes pronounced in higher layers of the build, which is the primary reason for analysis of lattice nodes in the lower heights of the build where soot deposition is not sufficient to obscure IR data. The effect of soot deposition can be seen in composite IR images shown in Figure 4‑26 and Figure 4‑27. Interestingly, it was observed that the soot deposition was more pronounced in the Argon builds than Helium builds. This may have to do with the density of Ar vs. He. Argon being a heavier gas may have carried more soot particles with it across the powder bed, compared to Helium.
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[bookmark: _Ref66225140][bookmark: _Toc66486172]Figure 4‑26: Composite IR image showing maximum IR intensity at 2 different layers of the Ar build. There is a drastic change in maximum IR intensity due to soot deposition on the mirror inside the chamber.
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[bookmark: _Ref66225142][bookmark: _Toc66486173]Figure 4‑27: Composite IR image showing maximum IR intensity at 2 different layers of the He build

[bookmark: _Toc66486258]

Comparison of microstructure and hardness
A preliminary comparison of microstructure associated with 1-strut nodes in Ar and He builds is shown in Figure 4‑28. The microstructures were extracted from the coarse strut, low power cubes of group 4 in the Ar and He builds (Figure 4‑3). The microstructures seem to indicate a mixture of basket-weave and martensitic needles in both the builds. However, the proportion of basket-weave microstructure seems more pronounced in the Ar build than He, upon visual examination of the microstructures. This correlates with the observed differences in thermal signatures, specifically because Ar cools slower than He in most layers. It has been shown by other researchers [183] that slow cooling of Ti-6-4 in the L-PBF process can lead to decomposition of a’-martensite into basket-weave structure of α+β structure. This behavior is seen to a limited extent in this study, with slow cooling in Ar atmosphere leading to more decomposition of martensitic needles, compared to fast cooling in He atmosphere. However, the differentiation in observed microstructure is not significant enough to draw conclusions about the cooling behavior in Ar and He. For further evidence of difference in cooling rates, hardness mapping was done across a single 2-strut node extracted from coarse, low power cubes. The resulting values are shown in Figure 4‑29 for hardness mapped across a single node. The hardness values of Ar node are consistently lower than that of He built node. This is a clear indication of fast cooling behavior in Ar compared to He, leading to softer microstructure and lower hardness value. This behavior also supports higher ductility and ultimate tensile strength of Ar compared to He builds (Figure 4‑20). However, further microstructure characterization is needed to understand the effect of nodal connectivity and strut size on microstructure. Characterization of Ar and He cubes at higher energy densities and with fine struts are underway and results will be reported in a future publication.
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[bookmark: _Ref66225167][bookmark: _Toc66486174]Figure 4‑28: Microstructure consisting of a mixture of basket-weave and martensitic needles are seen in both Ar and He builds. The proportions of the two phases seem to vary, depending on cooling rates.
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[bookmark: _Ref66225169][bookmark: _Toc66486175]Figure 4‑29: Hardness maps across Ar and He builds indicate softer microstructure in Ar compared to He builds

[bookmark: _Toc66486259]

Conclusions
The thermal signature analysis in this paper and associated compression, microstructure and hardness testing indicates faster cooling and associated loss of ductility but increase in hardness in Ti-6-4 in the L-PBF process using He inert gas rather than Ar. However, care must be taken to not overestimate the effect of inert gas atmosphere in cooling behavior. Specifically, the research in this paper indicates that geometry and scan strategy play an important role in determining cooling rate. This further highlights the point that inert gas atmosphere is not an independent factor that speeds up or slows down cooling in L-PBF process. A holistic understanding of the conduction path, effect of inert gas and other geometric factors need to be taken into account and modeled to determine the changes that may be associated with replacing one inert gas with another. Further studies on the effect of inert gas and modeling approaches that consider the L-PBF process in a holistic manner need to be taken up for a better approach to part processing and qualification in the L-PBF process.

[bookmark: _Toc66486260]Appendix 
[bookmark: _Toc66486261]Coarse strut cubes, medium energy input (Argon) vs. high energy input (Helium)—Comparison of layers 130 to 137 in the same nodal plane

In all the plots in this section, the reference pixels are ordered as follows: Plot 1 (left)- Ref. pixel in diagonal corner node (1-Strut node), Plot 2 (middle)- Ref. pixel in wall node (1-Strut, 1-Whisker node), Plot 3 (Right)- Ref. pixel in interior node (2-Strut node).
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[bookmark: _Ref66485880][bookmark: _Toc66486176]Figure 4‑30: Layer 130, Coarse cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Toc66486177]Figure 4‑31: Layer 131, Coarse cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Toc66486178]Figure 4‑32: Layer 133, Coarse cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Ref66485882][bookmark: _Toc66486179]Figure 4‑33: Layer 134, Coarse cubes, Ar (Medium) vs. He (High) energy input
[bookmark: _Toc66486262]Fine strut cubes, medium energy input (Argon) vs. high energy input (Helium)—Comparison of layers 130 to 137 in the same nodal plane

In all the plots in this section, the reference pixels are ordered as follows: Plot 1 (left)- Ref. pixel in diagonal corner node (1-Strut node), Plot 2 (middle)- Ref. pixel in wall node (1-Strut, 1-Whisker node), Plot 3 (Right)- Ref. pixel in interior node (2-Strut node).
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[bookmark: _Ref66485828][bookmark: _Toc66486180]Figure 4‑34: Layer 130, Fine cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Toc66486181]Figure 4‑35: Layer 131, Fine cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Toc66486182]Figure 4‑36: Layer 133, Fine cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Ref66485829][bookmark: _Toc66486183]Figure 4‑37: Layer 134, Fine cubes, Ar (Medium) vs He (High) energy input
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[bookmark: _Toc66486264]FUTURE WORK

The qualification of feedstock, process and finished parts using data-driven approaches in metal additive manufacturing and associated qualification pathways is an area of active research. In this chapter, some analysis pathways that seem imminent are discussed and preliminary results presented in some cases. The goal is to provide research threads that can be pursued in future for further development in the field of part qualification for additive manufacturing. 

In today’s world of highly interdisciplinary research, it is common to see algorithms and methods developed in one domain, being applied to effective use in other domains. For example, neural networks were a topic of research primarily in the field of computer vision, for facial recognition and object identification in the 1990s and early 2000s [184]. Today, neural networks are ubiquitous in almost any field where a non-linear relationship exists between an input and an output. Recently, neural networks have been used for time series analysis [185], for identification of objects in remote sensing databases [186] and even for adversarial learning in music content analysis [187]. The ability to cross-pollinate research in this manner has been aided by many factors. The primary ones include: 
· Easy access to information through online publication of journals 
· Inter-disciplinary tracks in conferences and research institutions
· Collection of large volumes of data in many fields and open data consortia
· Relatively inexpensive compute power 
· The rise of data science as a horizontal domain that connects multiple verticals like life sciences, social sciences and engineering.
It is therefore conceivable that there are several algorithms that were developed for specific applications but can be extended or repurposed for use in additive manufacturing. The following broad areas of inter-disciplinary research are relevant for application in additive manufacturing and are discussed in this chapter: 
1. Matrix profile for study of similarity of thermal signatures
2. Energy decomposition of thermal signatures using wavelet analysis
3. Graph networks to study patterns in thermal signatures
4. Reinforcement learning for microstructure tailoring in additive manufacturing
Each of these areas is discussed in a separate section of this chapter. The chapter ends with broad conclusions about the future of the field of additive manufacturing.

[bookmark: _Toc66486265]Matrix profile analysis for study of thermal signatures
Matrix profile is a simple but powerful algorithm to study time series datasets. In this section, the matrix profile algorithm is first described briefly, followed by an exposition of its applicability to thermal signature analysis in additive manufacturing. 

Matrix profile [166] is an algorithm that computes the Euclidean distance between every snippet of a time series to other snippets in itself. Some of its primary uses include similarity analysis, motif finding, anomaly detection, drift identification and time series chain analysis. The algorithm was first published by Yeh et al. [166] but faster and expanded versions of it have been published successively by the parent Keogh group [188]. The underlying idea in the algorithm is that two time series snippets that have a similar shape have a high correlation coefficient between each other. For an exact match or perfect proportionality between the analyzed shapes, the Euclidean distance between the shapes is 0. The Euclidean distance between two time series sequences x and y of equal length n is given by equation (5a).
				(Equation 5a)
The matrix profile algorithm uses many mathematical tricks to reduce the computational burden of finding the Euclidean distance between every time series snippet and its nearest counterpart in a Euclidean distance sense. Computation of Euclidean distance between every time series snippet to every other snippet is a computationally and memory-intensive task due to the huge matrix of numbers that needs to be stored. For example, to compute distances between 100 time series snippets with each other, a matrix of dimension 100-x-100 will need to be stored. This is a matrix of size 10,000. Increasing the number of time series snippets by a factor of 10 leads to an increase in matrix size by a factor of 100. To make this computation tractable, the matrix profile algorithm uses many mathematical tricks. Equally importantly, it stores only the smallest Euclidean distance for every time snippet and thus avoids memory overload. The results of the MP algorithm are two new time series: One representing the minimum Euclidean distance for every time series snippet and the other representing the location of the best match. It is therefore O(n) in space for a time series of length n, rather than being O(n2) as is the case with the complete distance matrix. The computational speed of MP algorithm is O(n log n) in many applications and can be made faster with certain approximations [189]. In essence, the matrix profile algorithm provides a computationally efficient way to compute minimum Euclidean distance between scaled time series snippets. Note that Matrix profile is relatively free of “tuning” parameters since the only parameter it needs is the time series snippet length.

The primary implication of using the matrix profile algorithm is that long time series, of the order of billions of data points, can be analyzed quickly [190] to identify motifs, anomalies, time series chains and more. This is because Euclidean distance is the key to many of these time series analysis tasks. The underlying idea to find the similar shapes or motifs in a long time series is to find snippets with the least Euclidean distance between them. This is exactly what matrix profile does. An example is shown in Figure 5‑1, which shows the matrix profile values determined for a time series of energy consumption data [166]. Motif analysis is done by identifying least distances as indicated by smallest values of the matrix profile. It is clear that energy consumption patterns repeat and such a motif can be found using Matrix Profile algorithm. An obvious extension to motif finding is the concept of anomaly detection. The snippet that has highest distance is the anomaly since no better match could be found for it in the given time series. 

Moving on to thermal signature analysis using the matrix profile: We employed a direct implementation of the SCAMP version of matrix profile to identify layers with the most similar thermal signatures. To do this, the dataset used was from a single pixel of a cylindrical build described in section 3.2 in chapter 3 (see Figure 3‑1). Unlike work in chapter-3, the analysis here aimed at identifying the most similar layers based on data from a single pixel. This analysis is termed “single pixel, multi-layer analysis” rather than “single layer, multi-pixel analysis” as done in chapter-3. The aim is to study whether the change in layer-wise geometry, as seen in sections 1 vs. 3 vs. 5 in Figure 3‑2, could be identified using the matrix profile similarity analysis. The hypothesis used was that part geometry influences thermal signatures and would therefore be spotted in the matrix profile results as different “motifs” corresponding to geometry. 

The build consisted of 1524 layers and ~13,000,000 frames of data collected over ~37 hours of build time. The input time series would be exceedingly long if data for the entire build were to be used, with long periods of time when the data would be flat with no thermal activity at the relevant pixel being studied. Therefore, the pixel data was cropped to 2000 frames per layer, leading to a time series length of 2,766,000 for 1383 layers that were analyzed. Before cropping, the layerwise data were median filtered with a filter size of 9 to remove effects of spatter and laser speed vs. frame rate mismatch (see section 3.3 for more details). Note that data from successive layers was appended to create a single time series. The time series needs to be analyzed with care since data corresponding to different layers are appended and lead to non-physical discontinuities at appending points. For example, consider Figure 5‑2 which shows data from 2 layers that have been appended.
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[bookmark: _Ref66204563][bookmark: _Toc66486184]Figure 5‑1: Matrix profile analysis of energy consumption data. Adapted from Yeh et al. [166]

The time series motif corresponding to the snippet shown does not have any physical relevance and needs to be discarded. A matrix profile analysis was run on the time series with a snippet length of 800. The analysis was run on Tesla V100 GPU (using the Nvidia-DGX A100 workstation) and a docker containerized version of SCAMP from Zimmerman et al. [190]. The computational muscle enabled by GPUs and using the many mathematical divide-and-conquer paradigms developed by Zimmerman et al. led to matrix profile being computed in ~5-10 seconds for a time series of length 2.6 million and a snippet length = 800. The matrix profile results needed to be cleaned to remove artifacts arising from appending of layers, as discussed in appendix B of chapter-3. Instead, the approach taken was to find the “best matching layer” for each thermal signature by using a “minimum matrix profile” poll. For each layer, the thermal signature was 2000 frames long while the matrix profile window size was 800. Therefore, time series snippets starting at any point in the first 1200 frames contained “valid” data for the layer i.e., data belonging to 1 layer only. These snippets/windows were used to determine the best match between the current layer and the rest of the layers, by finding the minimum matrix profile distance in these windows. This is illustrated in Figure 3‑17. By following this minimum MP approach, the best matching layer for each layer was found and plotted as shown in Figure 5‑3. The x-axis of the figure indicates layer number and y-axis indicates best matching layer number. Dotted lines in the plot show geometric boundaries of sections 1 to 5 in the build. The color of the points plotted indicates the matrix profile value, with 0 indicating a perfect match and 1 indicating a poor match. It is evident from the plot that layers having similar geometry tend to cluster together in terms of thermal signature. This is evidence that the matrix profile does a good job of identifying regions of similar thermal signature, corresponding to sections of a build. 
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[bookmark: _Ref66204544][bookmark: _Toc66486185]Figure 5‑2: Time series snippet of length 800, from thermal signature time series. This illustration shows why it is necessary to be careful while using results from the Matrix Profile algorithm. Matches like this are not physically relevant since they combine data from 2 different layers. The dip here is due to laser recoater movement which happened to exist between the time series of 2 layers.
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[bookmark: _Ref66205338][bookmark: _Toc66486186]Figure 5‑3: Matrix profile results showing the best match for each layer of data at a given pixel. Dotted lines indicate transition sections in the build. The color indicates matrix profile value, with 0 indicating a perfect match and 1 indicating a bad match.

It is interesting to also note that good matches exist within layers in sections 1,3 and 5 to other layers in their own sections. Matches between layers in sections different from their own are characterized by poor matrix profile values (close to 1) and thus indicate bad matches. These are potentially indicative of anomalies as evidence by the poor match value. Some matches are chosen at random from the figure and plotted separately in Figure 5‑4. It is clear that in some cases, the magnitude of the thermal signatures in the matching layers do not match at all while the shapes match very well. For example, layer 1089 matches layer 218 but their magnitudes do not match well. Such a problem is to be expected when using the matrix profile since it is a shape matching technique at its root. This needs to be corrected to include magnitude similarity as done in the similarity analysis algorithm in section 3.3 of chapter 3. However, the procedure may be challenging since the similarity analysis algorithm of section 3.3 considered one reference pixel at a time, and is therefore a one-to-all match and computationally light. The matrix profile algorithm compares all-to-all and is much more computationally heavy, but also more powerful. Incorporating magnitude similarity into it is a non-trivial task and is set aside for future work.

[bookmark: _Toc66486266]Wavelet transform-based analysis of thermal signatures
The goal in this section is to explore wavelet decomposition of thermal signatures, due to the unique time-frequency localization properties exhibited by wavelet transforms. A brief introduction to wavelets is provided first, followed by a proof-of-concept demonstration of wavelet transform in thermal signature analysis. Wavelets are “small waves” that are used in signal processing for time-frequency decomposition. The wavelet transform is analogous to Fourier transforms, but with a major difference in the ability to localize changes in a signal. 
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[bookmark: _Ref66205562][bookmark: _Toc66486187]Figure 5‑4: Selected matches of layers from matrix profile analysis of 1383 layers at a single pixel.

Wavelet transforms decompose a signal in time-frequency space and thus retain the ability to identify the time location corresponding to different “scales” or frequencies of the signal, while the Fourier transform decomposes a signal into frequency space and loses time localization. Analysis of chirp signal by wavelet transform [191] is a well-used example to highlight the advantage of wavelet transforms. The chirp signal consists of a series of frequencies in ascending order. It is a non-stationary signal i.e., the frequencies of the signal do not stay constant over time. Fourier analysis of the time series signal results in extraction of frequencies but with no localization. The continuous wavelet transform indicates the increase in frequencies over time.

Wavelet transforms are especially relevant for thermal signature analysis in additive manufacturing. Infrared monitoring of additive manufacturing leads to thermal signatures in which frequencies are stacked over each other and vary over time. The frequencies commonly seen in thermal signatures include the slow thermal decay associated with the physics of part melting and cooling, laser passing frequency associated with part geometry and laser beam speed and, spatter associated with powder bed fusion process. There may also be intermittent frequencies associated with the frame rate of the imaging method. The goal of using wavelet transforms is to decompose a signal into its component frequencies over time. To demonstrate effectiveness of wavelet transforms, a simple study was carried out using different scan angles and associated thermal signatures in a part. For this analysis, the part discussed in section 3.2 was used. However, unlike section 3.3 where a single layer was analyzed at multiple pixels, the analysis here is a “single pixel, multi-layer” analysis. Data was extracted for a single pixel in the center of the cylindrical wall region over 24 layers. The thermal signatures associated with the pixel were cropped to 2000 frames per layer, since the rest of the frames per layer consist mostly of flat regions corresponding to no thermal activity. As before, the thermal signatures are median filtered, but using a filter size of 3 this time to remove only data corresponding to spatter that occurs as noise at intermittent frames. A filter of size 3 ensures that patterns that last 3 or more frames are only retained in the signal.

The choice of wavelets is an important aspect of wavelet transform. This is because there is no standard wavelet that suits all applications. Choice of wavelet is almost an art as much as science, and some rules exist around choosing the correct wavelet for an application. For example, Percival and Walden [192] mention that the choice of wavelets is dependent on both the application and the analysis goal. This requires trial and error using different wavelets to achieve sufficient removal of artifacts from the wavelet used but also being computationally inexpensive. For the study of thermal signatures, the Daubechies-4 wavelet was chosen due to being somewhat similar to thermal signatures being studied (Figure 5‑5). The Daubechies-4 wavelet has an ascending and a descending portion that are asymmetric just like the heating and cooling sections of the thermal signature. The appended time series of 24 layers, consisting of a total of 48000 data points, is analyzed using the Maximal Overlap Discrete Wavelet Transform (MODWT) in the pywavelets package in Python. Note that the Daubechies wavelet of 4th order is termed D-2 in pywavelets. The MODWT is chosen rather than the Continuous Wavelet Transform (CWT) due to its applicability to discretely sampled data. The DWT is not used here since it is shift variant i.e., the results depend on the exact shift of the time series, but thermal signatures are not perfectly aligned in any specific manner. In other words, using the DWT will lead to different wavelet coefficients depending on whether the time series peaks at t=1000 or t=1200 or any other position. This shift variance does not occur in MODWT due to its rolling window filtering of the time series using the wavelet. In other words, MODWT is shift invariant at the expense of redundancy in the coefficients, while DWT is shift variant but results in no redundancy due to down-sampling of the signal. For more details, the reader may refer to Percival and Walden [192]. 
[image: ]
[bookmark: _Ref66212667][bookmark: _Toc66486188]Figure 5‑5: Daubechies D4 scaling function (left) and D4 wavelet (right). Adapted from [193]



Once the MODWT decomposition of thermal signatures corresponding to 24 layers is completed, the wavelet coefficients can be analyzed by considering their magnitudes at various scales. The results are shown for the first 6 layers in Figure 5‑6 and Figure 5‑7. Upon visual examination, it seems that some layers have a similar wavelet coefficient across all scales. This suggests that wavelets are useful in extracting time and frequency localized information in thermal signatures. To make this demonstration simple and in an analogous manner to Fourier transforms, the energy decomposition of each layer’s thermal signature was carried out. This can be executed easily using wavelets since the DWT spectrum can be used for energy decomposition by analysis of variance of the coefficients [192]. Succinctly, this means that the energy stored in a time series signal can be expressed as a sum of energies at various scales. This is similar to energy decomposition by frequency in Fourier transforms. However, the wavelet spectrum has fewer scales due to the definition of wavelet scales in dyadic (powers of 2) order. Also, further interrogation and interpretation of scale-wise coefficients is possible using wavelets but not so using Fourier transforms. The energy decomposition using wavelets is given by equation 5b.
				(Equation 5b)
Where:  is the sample variance of the time series X, N is the number of data points in X and Wj is the set of wavelet coefficients associated with the time series under a complete dyadic decomposition. The essence of the statement is that the variance of the signal or loosely “energy” is decomposed into components at different scales using the wavelet transform. Note that this equation holds for any orthonormal transform like Principal Component Analysis or Fourier transforms.

[image: ]
[bookmark: _Ref66213738][bookmark: _Toc66486189]Figure 5‑6: Maximal Overlap Discrete Wavelet Transform decomposition of thermal signatures of 6 layers. Coefficients from level 5 to 7 are shown. X-axis is the time scale and y-axis is the wavelet coefficient at each level.
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[bookmark: _Ref66213739][bookmark: _Toc66486190]Figure 5‑7: Maximal Overlap Discrete Wavelet Transform decomposition of thermal signatures of 6 layers. Coefficients from level 1 to 4 are shown. X-axis is the time scale and y-axis is the wavelet coefficient at each level.



Energy decomposition at different levels of the time series can be carried out using equation 5b above. Normalization of the energy levels at each scale can be done using min-max normalization, i.e., subtracting the minimum value and dividing by the maximum value. This leads to a value of variance at each scale between 0 to 1. Plotting energy levels vs. decomposition scale leads to a clear pattern at each scan angle. Figure 5‑8 indicates that the thermal signatures look visually similar for similar scan angles. Figure 5‑9 shows the energy decomposition corresponding to filtered thermal signatures of each of the 24 layers studied. This study was possible since the scan angle was set to be in 30-degree increments for each successive layer and could be used as the ground truth data. This ground truth was used to determine whether wavelet-based decomposition works or not. It is observed that the 60- and 120-degree scans have a very similar decomposition pattern, while the 30- and 150- degree scans have similar decompositions. The 0- and 90-degree scans do not match well with the other scan angles. 

The wavelet transform-based study of thermal signature decomposition indicates that scan strategy differences can be picked up in thermal signatures using wavelets. This points towards a promising use of wavelets for thermal signature analysis in future work. Wavelet transforms have not been used to a significant extent in additive manufacturing for monitoring applications but have the potential to be used because of their localization ability and because of the reasonable computational cost. The DWT for instance has a computational cost of O(n) while the MODWT has a computational cost of O(n log n) which is of similar order to Fast Fourier Transforms (FFT).
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[bookmark: _Ref66214370][bookmark: _Toc66486191]Figure 5‑8: Thermal signatures (median filtered) for 24 layers studied, grouped by scan angle
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[bookmark: _Ref66214372][bookmark: _Toc66486192]Figure 5‑9: Wavelet energy decomposition of thermal signatures of the 24 layers that were studied.
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Graph networks for thermal signature analysis
In this section, a brief overview of graph theory for thermal analysis in additive manufacturing is first provided. This is followed by first cut analysis results of graph clustering applied to thermal signature analysis. 

Graph theory or network theory is a broad domain of analysis of systems that are inherently connected through a complex network structure. Graphs have been used to study systems in many domains such as computer networks, biological systems, disease spread pathways and river water networks. An excellent introduction to networks is provided by Newman [194,195]. In the context of additive manufacturing, graph theory has been used by Yavari et al. [120,196] to describe heat flow and the effect of geometry on thermal signatures in metal additive manufacturing. Thermal modeling of additive manufacturing processes is made possible by use of the discrete Laplacian operator to replace the continuous Laplacian function in the Fourier heat transfer equation. The Fourier heat conduction equation is given by equation 5c [120].
			(Equation 5c)
Where: T is the temperature as a function of space and time ; t is the time variable; x,y and z are spatial variables. The boundary condition is given by the starting temperature: 
				(Equation 5d)
The Laplacian (second derivative) in the governing equation (5c) can be replaced by the graph Laplacian when setting up the problem using graph theory and using a discrete set of nodes. The problem then becomes tractable as it involves solution of a linear differential equation, which can in turn be solved as an Eigen value problem [120].
					(Equation 5e)
The solution to equation 5e, along with boundary conditions, produces a reasonable approximation within an error of 10% in additive manufacturing applications [120].
Beyond thermal modeling, graph theory can be used for graph clustering as well. In this approach, the main idea is that clusters of thermal signatures can be identified by first extracting similarities between them. The advantage of this approach beyond traditional clustering is that it considers underlying network connections to identify groups of thermal signatures. In other words, the similarity of a thermal signature to multiple other thermal signatures is taken into account while clustering. 

For example, consider the dataset from the geometry discussed in section 3.2. Thermal signatures corresponding to multiple layers at a single pixel were extracted and similarities between them were found using matrix profile analysis (section 5.1). The difference from regular clustering is that instead of finding only the most similar thermal signature for every layer, the top 5 most similar layers were extracted for each layer. This enables defining a graph of thermal signatures such that each node indicates thermal signature at a layer. Signatures that are most similar (top 5 for each layer) are connected by graph edges, with the value of the edge denoted by the inverse of the similarity score. A high edge value indicates high distance and thus poor graph connectivity. A low edge value indicates close proximity between the nodes and good connectivity. Using this approach, graph clustering was evaluated using Markov cluster algorithm on thermal signatures of 492 layers. The Markov clustering algorithm considers the problem of graph clustering through a random walk approach. Edges indicate the distance between nodes and are used to compute the probability of walking from one node to another. Two parameters are used to derive the final clusters: expansion and inflation. The expansion parameter controls the number of steps in the random walk, while the inflation parameter controls the strength of individual edge connections. The inflation parameter effectively makes weak connections weaker and strong ones stronger in the graph by raising edge weights to a power given by the inflation parameter. This incentivizes intra-cluster walks, since a strong connection is favored by low edge weight. An increase in expansion parameter results in longer walks in the graph. The underlying concept is that longer walks will lead to more traversals within a cluster than between clusters. By iterating over the two parameters, it is possible to converge at a certain number of clusters. The results are shown in Figure 5‑10 for inflation set to 1.7 and expansion set to 2.0. Colors in the figure indicate different graph clusters. While the results do not lend themselves to an obvious interpretation, it was found that the thermal signatures at clustered nodes were similar visually. This is shown in Figure 5‑11 and Figure 5‑12.
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[bookmark: _Ref66214961][bookmark: _Toc66486193]Figure 5‑10: Graph clustering of 492 layers analyzed using Markov clustering approach. A total of 27 clusters were found and are plotted here, based on their connectivity. Each dot represents a layer and colors indicate clusters.

[image: ]
[bookmark: _Ref66215172][bookmark: _Toc66486194]Figure 5‑11: Clustering of 492 layers, with results showing cluster 0 to 7
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[bookmark: _Ref66215174][bookmark: _Toc66486195]Figure 5‑12: Clustering of 492 layers, with results showing cluster 8 to 15




It is seen in the clustering of thermal signatures that graph clustering indeed identifies reasonable clusters based on similarity scores from matrix profile, used as “features” to weight edge connections. However, some clusters seem anomalous and need further study. For instance, cluster #6 in Figure 5‑11 indicates one layer that seems to have a different thermal signature than others in the cluster. Another aspect that is essential to understand in graph clustering is the parametric optimization and procedure for the same for the two parameters—inflation and expansion – in graph clustering. These parameters need to be balanced in an equilibrium state for the number of clusters to converge. Arriving at equilibrium clustering also necessitates a metric to evaluate clustering goodness. For example, modularity of clusters is a metric that indicates whether there are more edges between vertices than would be expected purely by chance. Modularity maximization is one approach to determine goodness of clustering.

Beyond graph clustering or community detection that has been described here, many other algorithms in graph partitioning may lend themselves to additive manufacturing. Specifically, the combination of underlying geometry and scan strategy effects, along with thermal conduction pathways, could lead to an apriori evaluation of similarities expected in thermal behavior across a part in additive manufacturing. Going a step further, graph models could enable tailoring of scan strategy to arrive at desired thermal signatures and associated microstructures.

[bookmark: _Toc66486268]Reinforcement learning for tailoring of microstructure using scan strategy
The holy grail of additive manufacturing is the control of microstructure using scan strategy or other build parameters. Many attempts have been made to achieve this. Dehoff et al. [28] first showed that microstructure control was possible using appropriately planned scan strategy, by control of thermal gradients and cooling rates. Their work was followed up by work on thermal modeling by Plotkowski et al. [117], thereby paving way for planning of thermal gradients by varying scan strategy. Raghavan et al. [27] showed that preheat temperature and scan order were important parameters in determining microstructure in electron beam powder bed fusion systems. Halsey et al. [122] followed up with work that demonstrated the possibility of optimizing scan path using genetic algorithms and thermal modeling to tailor thermal gradients and associated microstructure in a given part geometry. Fernandez-Zelaia et al. [197] showed that controlling thermal gradients by the use of insulating boundaries at appropriate locations led to microstructure control. Groups outside ORNL have also studied microstructure control. Application of laser beam modulation to control microstructure has been demonstrated by [22]. 

However, most studies described above were proven on standard part geometries like cubes or were tailored manually. The use of artificial intelligence seems a natural progression towards automated microstructure control. While supervised learning methods may represent the first step towards enabling computers to “learn” from data, they suffer from inability to go beyond the training data space. In this context, reinforcement learning represents an exciting prospect to develop novel scan strategies for microstructure control in additive manufacturing. This is especially because reinforcement learning allows the computer to explore pathways beyond the training dataset and infer the best policy possible to reach a goal. While intricacies exist in training an “agent” in reinforcement learning (there is no free lunch!), the possibilities it opens up for microstructure tailoring seem to be many. The basic idea in reinforcement learning is to have an agent, a policy and a suitable reward function [198]. The agent explores different policies to take action at each step of the process. The reward it gets at the end of each episode enables it to learn the nature of the “game” and optimize its policy choices to gain maximum reward. The simplest way to formulate microstructure tailoring through reinforcement learning is to have the “agent” explore multiple scan paths as a part of “policy selection”. At the end of each traversal of the given geometry, the agent is given a “reward” depending on the match between predicted microstructure using a thermal model and desired microstructure. The agent then explores multiple other policies till it eventually lands at the best policy for the given geometry to achieve certain microstructure distribution. Recently, Ogoke and Farimani [199] published a preprint on the use of reinforcement learning for thermal control in metal additive manufacturing. They used a thermal model to inform the agent of the reward corresponding to every step in the scan path that it took. This is a promising first step. However, challenges may exist in tailoring scan strategy using this approach, especially the challenge of reward allocation along sub-steps of the reinforcement learning process and making the process computationally tractable for general use cases. There is potential for further analysis, especially in combining simulation and monitoring approaches to inform microstructure tailoring in additive manufacturing.

[bookmark: _Toc66486269]Conclusions
Data science, in its new interdisciplinary form, is a relatively young, emerging field with huge potential to transform the industrial and manufacturing domains. Many algorithms and methods in data science are well-developed, but have been well-kept secrets in disciplines like signal processing, scientific computing and image processing. With the flood gates being thrown open to their use in seemingly disparate domains, progress in data-driven methods research is bound to happen quickly. The development and application of data science algorithms to an industry-relevant problem like qualification of additive manufacturing parts is one such area of active research. Having more researchers enter this field, with a willingness to balance physics-informed analyses with data-driven ones, will benefit the research community, create opportunities of collaboration with the industry, and enable mutually beneficial partnerships in the field of additive manufacturing.
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