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ABSTRACT

Methods of material investigation often produce data in the form of images. Visual
assessments can convey qualitative analyses of these images, but expressing these
initial analyses in a quantitative manner is nontrivial. This work studies the role of image
processing procedures in extracting information for material investigations.

The first objective of this work was to explore the feasibility of in-situ, microfocus
x-radiography to monitor the composition of a binary alloy during solidification. Features
in an image are represented by localized intensities which must be connected to physical
quantities before quantitative information can be interpreted in an image. In this study, an
image processing procedure was developed to reduce noise across a large number of
radiographs captured during directional solidification. The final radiograph in the series,
depicting the as-solidified sample, was compared with composition data captured via
energy dispersive spectroscopy (EDS) to show radiographic intensity trends matched the
compositional trends in the EDS data.

The second objective of this work was to determine the success of image processing
procedures for identifying and tracking solid-liquid (S-L) interfaces during in-situ, melt
pool analysis of solidification experiments. These measurements allowed for the
calculation of solidification velocity. When paired with information about the thermal
gradients in these experiments (obtainable by comparison with simulations), this
information allows for a characterization of the structure and therefore properties of the
as-solidified metal. The detection procedures were developed for synchrotron
x-radiography of simulated additive manufacturing (AM) and dynamic transmission
electron microscopy (DTEM) of thin film rapid solidification and compared with manual
measurements. This work sought to determine whether these procedures would be able
to reduce inconsistencies due to subjective judgment calls made during manual
annotation. In the case of the AM simulator, the results showed large deviations due to
noise, but a higher amount of the detected measurements were within the average
manual distribution. For the rapid solidification, detected results matched the manual
results closely.

The third objective of this work was to improve the segmentation of multi-sized,
irregularly-shaped, and tightly-clustered particles in a 2D image. There are many
algorithms to automatically segment features within images, but these algorithms work
best for features with uniform sizes and shapes that have well-defined boundaries. In this
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study, a new segmentation procedure is proposed which consists of three steps:
preprocessing to over-identify particles, application of a watershed algorithm to
intentionally over-segment these particles into regions, and a custom algorithm to
selectively merge these over-segmented regions based on edge intensity between
regions. The resulting merged-region results and the results from a typical watershed
segmentation are both compared with a manual segmentation of the same image. The fit
between the merged-region results and the manual segmentation is calculated to be
higher than the fit between the typical watershed and manual segmentation.

The final objective of this work was to develop a flexible workflow for generating 3D
geometries of granular materials from microfocus x-ray computed tomography (XCT)
data. These geometries are to be used as initial conditions in image-based physics
simulations. A software package called Segmentflow was developed to contain the
workflow functions. Segmentflow is controlled by an input file which specifies the input
data to be segmented, the segmentation parameters, and the output format of the
results. The features of Segmentflow are exhibited by creating simulation-ready
geometries from an XCT scan of a mock high explosives system consisting of F50 silica
sand and a Kel-F polymer binder. The geometries are verified by analyzing the
segmented particles and comparing the results to a typical size distribution of F50 sand.
A variety of mesh postprocessing is also performed to show how Segmentflow can be
used to control the complexity of a simulation.
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CHAPTER 1

INTRODUCTION

Image processing is an important part of many scienti�c work�ows involving data

collected in the form of images. Image processing can be used to improve clarity in

images, highlight speci�c content or objects, extract quantitative information, and more.

In the realm of quantitative information extraction, sizes of objects and/or regions can be

measured.

X-radiography is the process of generating images using x-rays transmitted through a

material. Contrast in these images come from x-ray absorption properties of the material

being imaged, thus materials with localized compositions and material structures/phases

can be differentiated in these images.

X-ray computed tomography (XCT) is the process imaging a material in three

dimensions by capturing a series of two-dimensional x-radiographs from a variety of

angles around a central axis such that a three-dimensional reconstruction of the images

can be created. This reconstruction is representative of the volume of the material

imaged.

Metal additive manufacturing (AM) is the process of creating a part layer-by-layer, as

opposed to more traditional subtractive processes. AM is an umbrella term for a variety

of processes that may include powder or wire feedstock fused together in some way,

typically by melting with laser or electron beam.

Image segmentation is a form of image processing in which one or multiple features

in an image are separated from the rest of the image. This separation is done by splitting

an image is split into There are different methods for segmenting images, but the

simplest is by setting a threshold value, and creating a binary image which de�nes a

foreground of regions of the image that are of-interest, and de�nes features as separate

from the background. This often requires image segmentation, in which an image is split

into two or more regions which can then be classi�ed and analyzed to convey

information about intensity, size, location, shape, and/or distribution of the features.

Image segmentation can be performed on a single image, or a volume (often

represented as a series of images acting as slices).
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1.1 Research Objectives and Questions

The objective of this project was to explore the role of image processing procedures

in material investigation. This was done by investigating the connection between

x-radiography intensity and composition of a binary alloy, developing procedures for

tracking solid-liquid interfaces during solidi�cation experiments, extending watershed

segmentation procedure to improve results for nonuniform particles, and developing a

software package for informing physics simulation with initial conditions from x-ray

computed tomography data. The following questions were developed to address these

objectives:

1. How can in-situ x-radiography be used in conjunction with other methods of analysis

to infer composition of an Al-Ag alloy during solidi�cation?

Studies have been performed using calibration experiments to relate x-ray image

intensity to composition during solidi�cation of binary alloys. To study whether these

calibration experiments are necessary, directional solidi�cation of an Al-Ag alloy was

monitored with in-situ, microfocus radiography. The radiograph intensity was compared

to energy dispersive spectroscopy and the data were analyzed for similar trends.

2. How successful is an image processing procedure at automating the identi�cation,

tracking, and velocity calculation of solid-liquid interfaces during in-situ solidi�cation

experiments?

Identifying, tracking, and analyzing the solid-liquid interface in solidi�cation

experiments is necessary to extract important information like solidi�cation velocity and

melt pool shape, but the task of manually tracking interfaces is time consuming and

prone to human error and biases. Using traditional image processing methods, routines

were developed to identify, track, and analyze the solid-liquid interfaces in additive

manufacturing simulator experiments as well as rapid solidi�cation experiments captured

with a dynamic transmission electron microscope. The resulting melt pool locations were

used to calculate solidi�cation velocities and compared to results from manually tracking

the interfaces.

3. How can the segmentation of multi-sized, irregularly-shaped, and tightly-clustered

particles be improved?

Watershed segmentation is a common method for segmenting objects in an image

from other objects and from the background. One method of performing these types of

algorithms is by “seeding” the algorithm with “marker” points. Each marker will become a

segmented region, so controlling the marker points is one way to control the results.
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Often markers are narrowed down using the distance between adjacent points, but this

distance can be extremely variable for multi-sized and irregularly-shaped. Delaunay

triangulation, which is an algorithm which generates a connected grid of points, is tested

to determine if it can be used along with edge strength to �lter markers across varying

distances.

4. How can a work�ow be designed to extract 3D geometries from x-ray computed

tomography data such that the geometry of a physical sample can be reproduced

digitally for use as initial conditions in an image-based physics simulation?

X-ray computed tomography (XCT) is a useful tool for nondestructive testing of

materials. A mock high explosives system of F50 silica sand coated in Kel-F, a polymeric

binder, was subject to XCT to generate a set of 3D images. Segment�ow , a

Python-based, segmentation work�ow software package was developed to enable the

segmentation of individual sand grains within the XCT data. Based on parameters

speci�ed in an input �le, Segment�ow can output the segmented grains in a variety of

formats to be used in physics simulations.

1.2 Thesis Overview

This thesis seeks to answer the research questions outlined above through the

presentation of eight chapters. This �rst chapter serves as an introduction to the rest of

the work, including a brief background section that de�ning major concepts. Chapter 1

provides a more in-depth presentation of concepts covered by way of literature review.

The next four chapters, Chapters 3 - 6, are published or intend to be published. Chapter

3 is based on work published in the Journal of The Minerals, Metals and Materials

Society. This chapter explores the feasibility of comparing analyses of x-radiography

images to compositional mapping of the same sample. Chapters 4 - 6 are each separate

manuscripts intended for publication. Chapter 4 describes analyses procedures

developed to calculate solidi�cation velocities procedurally for two separate solidi�cation

experiments. The results of each procedure are compared to manual measurements.

Chapter 5 presents a new procedure for segmenting irregular and tightly-packed

particles, extended from current procedures commonly referred to in literature. Chapter 6

presents a software package developed to establish a segmentation work�ow and create

geometries to be used in image-based physics modeling. Chapter 7 summarizes the

work across the chapters and provides some conclusions. Finally, Chapter 8 provides

recommendations for future work following the work covered in this thesis.
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CHAPTER 2

LITERATURE REVIEW

This chapter presents background information necessary to understand the

motivations behind the work presented in this thesis.

2.1 X-Radiography

In a university laboratory in 1895, Wilhelm Conrad Röntgen was studying cathode

rays when a crystal began mysteriously �uorescing. Further investigation led R öntgen to

believe he had discovered a previously unknown type of radiation. He developed

experiments to compare these newly discovered rays with visible light and published the

data, using the term “x-rays” to describe this new type of radiation “for the sake of brevity”

[1]. Röntgen also includes the �rst published x-radiographic image, or radiograph, in this

work: a human hand showing the skeleton within and a ring on one �nger.

Today, x-radiography is a powerful tool that takes advantage of the interaction

between matter and photons in the x-ray energy range. Photons can be absorbed,

re�ected, and transmitted through matter. By exposing a sample of interest to x-ray

photons, information can be inferred about the volume of the exposed sample by

detecting the transmitted. The extent of transmitted photons collected on the surface of a

detector convey information as a two-dimensional projection. The projection of

transmitted x-rays was �rst recorded via photographic �lm, but x-rays are now typically

converted to visible light via scintillator and captured on a charge coupled device (CCD)

that converts the visible light into a digital radiograph. The intensity of each pixel in a

radiograph is proportional to the number of photons incident to a corresponding location

on the detector over some integration time. High photon �ux on the detector corresponds

to regions of a material with high x-ray transmittance, whereas lower photon �ux

corresponds to regions of the material absorbing or otherwise de�ecting x-rays. Regions

of the detector recording many photon interactions are represented as light pixels in the

radiograph, whereas regions recording fewer photon interactions are represented by

darker pixels. Since x-radiography can convey information about the inside of a material

without physically exposing the inside, the technique is often classi�ed as a

non-destructive testing technique.

There are many challenges associated with x-radiography applied to the study of

materials. The x-rays generated from traditional x-ray sources are typically created by
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impinging an electron beam onto an anode. The spatial resolution of the x-radiography

possible with x-rays generated in this manner can be improved by focusing the electron

beam onto a micron-sized area. While x-rays were quickly adopted in the medical �eld

and to other static applications, the technique wasn't applied to the in-situ study of

materials until Miller and Beech utilized an x-ray tube with a micron-sized focus area to

study the solidi�cation of binary alloys [2]. In this study, the authors demonstrate

x-radiography of Al-Cu and Al-Sn during solidi�cation with a spatial resolution of 10 µm,

noting choice of alloy system as an important factor in this type of in-situ study. Light

alloys with low x-ray absorptive coef�cients serve as good candidates, as this allows for

a greater rate of x-ray transmission, minimizing the exposure time for the transmitted

x-rays and therefore reducing blur in the image. The authors also note that contrast is

improved in binary alloys in which the x-ray absorptions of the constituent elements

differ. In a following study, Miller et al. detail their experimental setup [3]. For samples of

300 µm thickness, two recording methods are explained. Film is used to report a spatial

resolution of 10 µm with an exposure time that varies from 0.4 to 2.5 s and an interval

between exposures from 5 to 30 s as the �lm is pulled by hand to be advanced. A

continuous observation method is also reported using a TV monitor, allowing pictures of

the screen to be taken with an exposure time of 0.03 s, however the spatial resolution is

compromised to hundreds of microns due to the resolution limitations of the �uorescent

screen. Even still, the �eld-of-view is around 50 mm 2 to each side. Subsequent studies

with similar x-ray systems use in-situ x-radiography to observe the dissolution of solid

gold and silver into the less-dense, liquid sodium [4], the diffusion of ions [5], and further

metallic solidi�cation [6–9]. This method eventually become known as microfocus

x-radiography due to the micron-scale focus area necessary to produce x-rays with

suf�cient imaging properties.

Mathiesen et al. published early work using synchrotron sources for x-radiographic

analyses of materials [10]. Until this time, the only in-situ study of materials with

synchrotron x-rays had been x-ray topography, in which an image is image constructed

based on differences of the extent of diffraction of incident x-rays [11]. This differs from a

radiographic image in which the extent of absorption is exploited for image contrast. Just

like with x-radiography, x-ray topography was �rst applied to the in-situ observation of

materials with laboratory x-ray sources [12–14] but later studies extended the method to

synchrotron x-ray sources [15, 16]. The research performed by Mathiesen et al. used

x-rays generated by synchrotrons to observe dendritic solidi�cation in Sn-Pb and Al-Cu

alloys, stating this type of work was not feasible with the spatial and temporal resolutions

possible with synchrotron x-ray topography or microfocus x-radiography at the time
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[10, 17]. The authors report spatial resolutions around 2.5 µm and exposure times of as

little as 0.25 s. This increased resolution comes at the cost of a 1.4 mm2 �eld-of-view,

which is smaller than achievable with microfocus x-radiography. In 2011, the portability of

microfocus x-radiography was exhibited with a study that developed a setup to enable

x-radiography in microgravity for the study of solidi�cation [18]. This led to a sounding

rocket study in which the solidi�cation of an Al-Cu alloy was observed solidifying in situ

with microfocus x-radiography [19]. The improved spatial and temporal resolutions

possible with synchrotron x-radiography make the technique preferable compared to

microfocus x-radiography for in-situ studies of quickly developing material processes

occurring at the near-microscope scale [20–22].

2.2 Additive Manufacturing

Additive manufacturing (AM), in which 3D parts are built layer by layer, as opposed to

traditional subtractive processing methods, is an area of materials research where high

spatial and temporal resolutions are important. Observing these AM processes in situ

can further the understanding of the connections between processing parameters and

developed microstructures in resulting as-built parts. Direct AM processes can be

divided into powder bed fusion (PBF) and direct energy deposition methods (DED)

[23, 24]. PBF methods involve a focusing energy to melt or sinter powder [25, 26],

whereas DED methods generate a melt pool with focused energy into which additional

material is deposited [27]. Laser powder bed fusion (LPBF) is an example of a PBF

process in which a laser is scanned across a bed of powder, layer by layer, according to

3D model data. The powder is melted, and upon solidi�cation, is joined to the layer

below [28]. Simulated LPBF was monitored in situ using synchrotron x-radiography was

achieved with a temporal resolution of 20 µs (50 kHz frame rate) to monitor the [29]. This

technique has enabled many in-situ studies of LPBF including the evolution of

vapor-�lled depression, or keyhole, morphologies [30], �uid dynamics in the melt pool

[31, 32], pore formation [33], powder spattering [34], melt pool variation [35], and

dynamic fracture behavior [36].

2.3 X-Ray Computed Tomography

X-ray computed tomography (XCT) is another useful technique to aid in the study of

AM processes. This technique is not in situ, but XCT can data is 3D in nature and can

advance understandings of dynamic processes by analyzing the properties of parts built

using AM processes. Experiments varying processing parameters like laser power, scan
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velocity, and scan spacing, followed by analysis of resulting parts with synchrotron XCT

enabled the connection between processing parameters and porosity in electron beam

PBF [37] and LPBF [38].

Microfocus x-rays can also been used to study AM processes using XCT, and present

some bene�ts compared to synchrotron XCT. Microfocus x-ray sources are capable of

higher x-ray energies than synchrotron x-rays. Higher energy x-rays have a higher

penetration capability, allowing for imaging of larger samples. This allows for AM studies

to be performed at the scale of full parts. Microfocus XCT, or microCT, has connected

processing parameters to resulting porosity for a full cubic sample with an edge length of

5 mm [39]. Imaging at the scale of a full part has also enabled the analysis of 3D surface

roughness of an AM-built structure [40]. In addition to higher x-ray energies, microCT

also has the bene�t of being performed in a laboratory, as opposed to a synchrotron user

facility. This experimental �exibility is represented in a work�ow developed to quantifying

porosity and enable the optimization of AM processing parameters for quality control

purposes [41].

2.4 Image Segmentation

Image segmentation is an important tool in CT analysis work�ows as well as other

image-based methods of analysis. Segmentation is the isolation of speci�c features in

an image such that those features can be analyzed and quanti�ed. For example, the

pores identi�ed in the studies mentioned previously [39, 41] were segmented from the

surrounding sample in order to analyze their location, size, and distribution. In 2D image

analyses, segmentation is often performed manually by annotating features in an image

using graphical user interface (GUI) software such as ImageJ [42] or even with Python

using packages such as napari [43]. Annotation may involve placing points on an image

or drawing boundaries such that the image can be divided into separate regions.

Specifying a threshold value is another method of segmenting an image which removes

some of the workload required when manually annotating images. This is especially

useful in 3D data when features are spread across multiple images. By selecting an

intensity value, the image can be segmented into two regions above or below that value,

either in a single 2D image or a stack of 2D images representing a 3D volume. This type

of method is still manual because the threshold value is chosen, however algorithms also

exist for calculating a threshold value for a given image. Otsu's method is a thresholding

algorithm that calculates one or multiple threshold values based on the distribution of

intensities in an image and the desired number of classes into which the image will be

segmented [44].
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Watershed segmentation is a technique that can be used to algorithmically segment

features in an image [45–48]. The name comes from a metaphor used to describe the

technique: a simulated �ooding process is applied to an image that acts as a topographic

surface. The “water” starts at a level below all intensities (elevations) in the image, and

rises progressively. The �rst time water rises above the level of a region unconnected to

another �lled region, it creates a new catchment basin. Wherever two catchment basins

come together, a “dam” is constructed, demarcating the segmented regions when the

�ooding is over. In addition to basic watershed segmentation in the simulated water

�oods the image uniformly, marker-based watershed segmentation is also possible in

which seed points, or markers, are used as starting points for the �ooding, causing these

points to act as “pour points,” using the same metaphor [49, 50]. Watershed algorithms

are also able to operate in 3D even though the �ooding metaphor does not withstand the

addition of a dimension. Watershed algorithms serve an important role in the work�ows

of many �elds, from cell nuclei [51, 52] to stone aggregates [53, 54].

Any image passed into an image analysis algorithm yield the same results, improving

reproducibility of image analysis work�ows. It's important to note that reproducibility is

not the same thing as objectivity. This is not only because algorithms are human

constructs, but also because the implementation of algorithms involves subjective

decisions [55]. While the same image input into an algorithm will yield the same results,

the application of any preprocessing steps can alter the results. To maximize

reproducibility, it is important to note every step in an image analysis work�ow. This can

be done by listing out processing steps performed or by writing analysis work�ows as

scripts that can be run again using software like Python or MATLAB. Even GUI software

like ImageJ sometimes have the capability recording or writing work�ows as reproducible

macros or scripts. Jupyter notebooks are another good option for image analysis

work�ows [56]. The cell-based structure of Jupyter notebook �les enables incremental

execution of processes to show results of a work�ow at multiple phases, rather than at

the end only. This can be useful to see how an image evolves through a process.

2.5 Image-Based Modeling

Beyond revealing information statistical information about the size, shape, and

distribution of features in an image, the results from image segmentation can be used in

computer simulations. In biology and biophysics, CT scans and MRIs of organs enable

realistic geometries in the simulation of computational �uid dynamics (CFD) of blood�ow

[57], heat transfer for cancer cryosurgery [58], tumor shrinkage and treatment planning

in radiation therapy [59–61], and electromechanical turbulence in the heart [62]. In
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neuroscience, �uorescent microscopy and structured illumination microscopy enable

cell-modeling of non-neuron brain cells [63] and computational geometry analysis of

neuron features [64]. In the study of Li-ion batteries, focused ion beam scanning electron

microscopy, EDS, and XCT enabled the mechanical and electrochemical response

simulations [65–68]. In materials science synchrotron XCT enabled the characterization

and simulation of thermal conductivity in 3D composite textile architectures for space

applications [69–71] and microscale �nite element modeling of �ber reinforced polymers

[72–74]. In geoscience, microfocus XCT enabled the simulation of CFD in porous media

at the pore scale [75]. In each of these cases, segmentation was used in some form, but

segmentation is not perfect, and quantifying uncertainty in segmentation results is a way

to understand how that uncertainty can affect the simulations in which the segmentations

are used [60, 76].
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CHAPTER 3

INTEGRATING IN SITU X-RAY IMAGING, ENERGY DISPERSIVE SPECTROSCOPY,

AND CALCULATED PHASE DIAGRAM ANALYSIS OF SOLUTE SEGREGATION

DURING SOLIDIFICATION OF AN AL-AG ALLOY

Modi�ed from a paper [77] published in JOM: Journal of the Minerals, Metals and

Materials Society 1.

C. Gus Becker 2,3, Damien Tourret4, Doug Smith2, Brian Rodgers2, Seth Imhoff5, John

Gibbs5, James Hunter5, Michelle Espy5, Kester Clarke2, and Amy Clarke2.

3.1 Abstract

High-energy, microfocus x-ray imaging, or x-radiography, is a useful tool for in situ

analysis and monitoring of materials processing. Large �elds-of-view, spatial and

temporal resolutions suf�cient for mesoscopic imaging, and high-energy x-rays capable

of probing metallic alloy samples make the technique attractive for in situ solidi�cation

studies in the laboratory. Here, we demonstrate the usefulness of high-energy,

microfocus x-radiography in the laboratory, particularly when paired with complementary

techniques. Multimodal, multiscale characterization was performed, including

x-radiographic analysis of solidifying Al-Ag and compositional analysis of the same

sample after solidi�cation with scanning electron microscopy (SEM) and energy

dispersive x-ray spectroscopy (EDS). The dynamics observed through x-radiography

during solidi�cation are compared to the compositional results obtained by EDS. The

fraction solid measured in radiographs is also used in combination with a calculation of

phase diagrams (CalPhaD) Scheil solidi�cation simulation to reconstruct a

spatiotemporal microsegregation map. The multimodal, multiscale characterization

techniques presented here illustrate a promising pathway toward improved analyses and

monitoring of materials processing within a laboratory setting.

1Reprinted with permission of the publisher of JOM, Springer Nature.
2Colorado School of Mines, 1500 Illinois St, Golden, CO 80401, USA
3Corresponding author
4IMDEA Materials Institute, Calle Eric Kandel 2, Getafe, 28906 Madrid, Spain.
5Los Alamos National Laboratory, P.O. Box 1663, Los Alamos, NM 87545
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3.2 Introduction

In situ observation is not in itself new to the study of solidi�cation. New methods are

constantly developed and improved to capture new information through in situ

observation, as evidenced by recent reviews on in situ solidi�cation observation [78–80].

Two dominant methods of producing x-rays allow for useful in situ x-ray imaging, or

x-radiography: microfocus sources and synchrotron sources. In a microfocus x-ray

source, a stream of electrons from a high-voltage power source is focused on a small

spot on an anode. As the electrons impinge the surface of the anode, x-rays are

generated through bremsstrahlung radiation. In a synchrotron source, x-rays are

produced when high-velocity electrons in a synchrotron facility are forced to change

directions by magnetic �elds. Each method of producing x-rays has its bene�ts.

Synchrotron x-radiography produces a high �ux of photons to capture images, enabling

spatial resolutions typically around 1 µm and temporal resolutions high enough to

capture early-stage solidi�cation phenomena [81]. However, the �eld-of-view (FOV) in

these experiments is not as large as microfocus experiments, typically only about 1 mm2

[82]. Additionally, these experiments require a particle accelerator to create the radiation,

so experiments need to be scheduled and performed at a user facility. Microfocus x-ray

sources are also typically able to produce higher energy x-rays, allowing for successful

imaging of thicker or higher atomic number (Z) materials. Spatial and temporal

resolutions of microfocus systems are lower than those of synchrotron facilities, but still

competitive at up to 5 µm and 6 Hz, respectively [83].

Transmittance of x-rays through a material depends on variables such as thickness,

sample geometry, and material composition. In uniformly thin metallic samples,

elemental composition plays a large role, as higher Z atoms absorb and de�ect more

x-rays than lower Z atoms [84]. The Al-Ag binary system, while considered a model

age-hardening alloy due to solid-state precipitation behavior characterized at an atomic

level [29], is also favorable for in situ x-radiography experiments. This is because the

large Z difference of the two elements allows for high-intensity contrasts in captured

images. This property is the motivation for using an alloy in the Al-Ag system for the

current work.

Solidi�cation processes have been observed in situ since the 1960s when

transparent, organic compounds were observed to solidify in ways similar to metals,

exhibiting planar, cellular, and dendritic growth [85]. In the 1970s, sealed-tube x-ray

sources were �rst used to monitor solidi�cation of metals [86]. In the late 1980s,

synchrotron x-ray topography was used to monitor the solidi�cation of steel using TV
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monitors [15], followed by synchrotron x-ray topography of the Al-Cu binary system [16],

and �nally time-resolved x-ray imaging/x-radiography of binary alloys in the late

1990s/early 2000s [17, 82]. In the early 2010s, microfocus x-radiography was suggested

as a method to perform in situ solidi�cation experiments in a laboratory setting rather

than at a synchrotron source, resulting in a microfocus setup being brought aboard the

International Space Station as a way of performing in situ x-radiography of solidi�cation

of metals in micro-gravity [83], with similar experiments performed on sounding rockets

[19] and parabolic �ights [87].

Synchrotron x-radiography has been used to map x-ray intensity to composition

through comparison with analysis performed with an electron probe microanalyzer

(EPMA) [21]. Compositions have also been applied to x-radiography intensity, using

calibration experiments involving phases of known composition to create a mapping

function from radiograph intensities to composition [21, 88–93]. This type of method was

used, for instance, to determine concentrations of solidifying Al-Ge from x-radiography

intensities to compare with dendritic needle network simulations of the same system

[94, 95]. These works provide a promising method for relating x-radiography intensity to

composition when a calibration experiment is involved. When calibration experiments

cannot be performed, it is of interest to determine whether x-radiography pixel intensities

can still be used to infer in situ composition values during processing of materials. This

current work explores the ability of pairing microfocus x-radiography with

post-solidi�cation compositional analysis similar to the aforementioned EPMA method,

but more suitable for a laboratory setting.

On its own, x-radiography reveals relative variations affecting x-ray transmittance

through a sample (e.g., Z differences), so it cannot be used to quantify composition

gradients in a solidifying alloy, but certain types of microscopy are able to measure

composition post-solidi�cation. Scanning electron microscopy (SEM) is a versatile

technique in which a focused beam of electrons is rastered across a sample surface to

produce a variety of signals collected for imaging and microanalysis on the sub-micron

scale. Two common signal types are backscattered electrons (BSE) and characteristic

x-rays. Backscattered electrons are used to image microstructures. Contrast in these

images is strongly in�uenced by compositional variations across the sample surface,

because the BSE signal intensity increases with Z [96]. For this reason, BSE imaging is

commonly paired with compositional mapping performed through energy dispersive

spectroscopy (EDS) of characteristic x-rays.

In this article, we demonstrate a laboratory-based, multimodal approach to the

multiscale characterization of metals during solidi�cation, using the Al-Ag system as an
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example. This technique bridges the mesoscopic length scale of high-energy, microfocus

x-radiography with the microscopic length scale of EDS. By correlating data from each

method of analysis, one can obtain a greater amount of information than could be

determined from either method of analysis on its own. Scheil solidi�cation calculations

are performed to further contextualize the results and to provide a methodology to link

phase fractions and compositions obtained during solidi�cation. We also discuss some

promising pathways linking simulations and experiments to further expand the breadth of

data extracted from both in situ and post-solidi�cation analyses.

3.3 Methods

A dynamic solidi�cation set-up previously used for in situ synchrotron x-radiography

was used to capture the dynamic solidi�cation of an Al-9.68Ag at% sample measuring

10 x 17 x 0.25 mm. This thickness was chosen to constrain solidi�cation structures to a

single plane so that multiple features were not layered on top of each other when

projected onto the 2D plane of the image. The sample was inserted into a boron nitride

crucible, transparent to x-rays, which was placed in a vertically oriented steel rod

assembly aligned with a window in the path of the x-rays to aid in transmission. Heating

elements at the top and bottom of the rod assembly controlled a temperature gradient

across the rod and sample, and allowed for controlled directional solidi�cation. Details

about the setup (as it was used previously for synchrotron x-radiography solidi�cation

experiments) can be found in the supplemental material of previous work [22, 97].

An X-Com 225 microfocus x-ray source was operated at a voltage of 206 kV, a

current of 150 µA, and a focal spot size of 30 µm to generate the x-rays for radiography.

A scintillator placed downstream from the sample and the source converted the x-rays

transmitted through the sample to visible light, so the photons could be captured by a

Varian CCD with a 127 x 127 µm pixel pitch and an integration time of 200 ms,

correlating with a capture framerate of 5 Hz. A total of 6022 images were captured in an

elapsed time of 1205 s. The geometric magni�cation from the placement of the sample

between the source and detector resulted in a spatial resolution of 11 µm per pixel in the

radiographs and a 21 x 16 mm FOV (> 350 mm2). Since the experimental set-up for the

solidi�cation experiment was originally designed for use at a synchrotron facility, the

collected radiographs capture a much larger area than was designed to be captured by

synchrotron radiography. Of the entire FOV, only an area measuring 8.3 x 4.4 mm

(approximately 36 mm2) is analyzed, which is still signi�cantly larger than a typical

maximum interrogated area in synchrotron x-ray experiments of approximately 1.5 x 2

mm (approximately 3 mm2).
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3.3.1 Image Post-Processing and Analysis

To prepare the images for analysis, an image processing routine was performed

across the entire set of images. A series of Python functions were developed to process

the images loaded as numerical arrays. A series of open source packages were used to

aid in this process: Jupyter notebooks for performing an iterative analysis while

maintaining a reproducible work�ow [56], NumPy for representing the images as

numerical arrays and performing fast calculations [98], imageio for loading the images

into the arrays [99], scikit-image for performing image-processing algorithms [100], and

napari for visualizing and annotating the data with an interactive, multi-dimensional

image viewer [43].

The �rst step in the processing routine is to crop the experimental image set to the

smaller region of interest. Since the steel rod containing the crucible and solidifying

sample has a window for the sample, the rest of the rod does not transmit as many

x-rays outside the region containing the sample. Cropping out these regions and the

lighter regions beyond the rod enable the greatest contrast range to be assessed across

the solidifying structures of the sample. Once the images are cropped to within the

window, a dark image (captured without the sample or x-rays present) and a beam

image (captured without the sample but with x-rays present) are used to spatially

normalize the images. The dark image is subtracted from the image set and divided by

the difference of the beam image and the dark image, which reduces the intensity of

artifacts in the image set introduced by the beam and the detector. The spatially

normalized image set is temporally normalized by multiplying by the mean of each image

and dividing by the total mean of the entire image set. This reduces intensity variations

across the set of images. At this point, the pixels of each image corresponding to the 1st

and 99th percentile are clipped to further increase contrast. To smooth out small

variations in the images, while maintaining sharp edges between features within the

images, a median �lter is applied for each image.

The next phase of the processing routine separates a 50-image subset of the image

set, in which the sample remains fully liquid, to normalize the solidifying portion of the

sample to the liquid state. This normalization reduces artifacts in the image introduced

by the sample assembly, including any nonuniformities in the crucible. The 50 images in

which the sample is fully liquid (having undergone the previously described processing

routine) are averaged together to form a single average liquid image, at which point each

image in the solidifying portion of the image set is divided by this average liquid image.

The �nal steps of the image-processing routine rotate the normalized images and
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rescale the intensities of each image to the full range of the �oating-point data type.

3.3.2 Post-Solidi�cation SEM Imaging and Compositional Mapping

Following solidi�cation, SEM was used to perform BSE imaging. Due to a faint,

vertical brightness gradient in the as-captured BSE images, ImageJ [42] was used to

apply a bandpass �lter to the fast Fourier transform of each image prior to stitching in

Image Composite Editor software. This approach �attened the images to ensure uniform

brightness and contrast across the entire x-radiography FOV.

EDS was also used to evaluate the distribution of solute content along features of

interest within the x-radiography FOV. To mitigate topographic effects, the sample was

prepared by polishing through a 1 µm diamond suspension solution. Backscatter

imaging was performed at 30 kV in a Tescan S8252G dual-beam focused ion beam, and

EDS line scan data were collected with an EDAX Octane Elect Plus detector. Collecting

> 10 k counts per pixel signi�cantly reduced noise in the EDS data, and led to

semi-quantitative ZAF composition results in the APEX™ software.

EDS and x-radiography line pro�les were compared across two regions in the Al-Ag

sample. Image data from each technique were �rst manually aligned so that the line

pro�les would correspond to the same locations on the sample. The process of aligning

the data involved taking the BSE montage and overlaying it on the processed

radiograph, representing the sample at a point in time at the end of solidi�cation. The

large montage image allowed for multiple points of reference across the sample to

correctly match the scale, translation, and rotation of the BSE montage relative to the

radiograph. With the montage in place, images locating the EDS line scan on a smaller

BSE image of each region were overlaid on the larger radiograph-BSE alignment, using

surface defects of the BSE images to match the scale, translation, and rotation between

the images. This portion of the analysis was done using Python and the napari image

viewer, which allowed for layers corresponding to each image to be scaled, translated,

and rotated relative to each other, while maintaining the ability to adjust opacity for each

image layer to ensure an optimal alignment.

A one-dimensional median �lter was applied to the EDS data to reduce noise in the

signal. The line intensity pro�le from the radiograph was measured using Python and the

measure submodule from scikit-image. The intensity pro�le was averaged across a line

with a thickness of three pixels to reduce noise. To make comparisons between these

datasets, even though they were collected through different modes of analysis (and

therefore have different units corresponding to signal amplitudes), the datasets were

standardized by subtracting the mean from each dataset and normalizing by the
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standard deviation. The mean subtraction centers each dataset around zero to align

each dataset vertically. Dividing by the standard deviation normalizes the variation in

each of the datasets to a unitless range, allowing for variation from the mean to be

compared, even though the original scales were not the same. The variation from the

mean for each dataset should be similar if each is varying due to similar phenomena,

e.g., the compositional differences present from solidi�cation that we expect to see.

3.3.3 CalPhaD Modeling

Solute microsegregation has been modeled following Scheil solidi�cation (assuming

that no Ag diffusion occurs in the solid state and perfect mixing is maintained in the

liquid) [101] and lever rule (full equilibrium) solidi�cation. These calculations were

performed by the calculation of phase diagrams (CalPhaD) method using Thermo-Calc

software with the TCAL7 database.

3.4 Results and Discussion

This section compares the in-situ x-radiography, the backscattered electron images,

and calculations from solidi�cation theory and discusses how the methods viewed

together provide more context about the material when viewed together than each of the

methods would provide on their own.

3.4.1 In Situ x-Radiography

A subset of the sequence of processed x-radiographs presented shows the solidifying

Al-rich dendrites and the progressively Ag-enriched liquid (Figure 3.1). Light and dark

pixel intensities correspond to the Al-rich and Ag-enriched regions, respectively.
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Figure 3.1 (a - c) In situ x-radiographs showing the mesoscale solidi�cation of an Al-9.68 Ag
at.% sample, with time shown in seconds passed since the start of solidi�cation within the
viewing window. (d - i) Additional frames for a region of interest in the middle right of the full
sample. Lighter regions are Al-rich, whereas darker regions are Ag-rich.

3.4.2 Backscattered Electron Image Comparison

Multiple post-solidi�cation BSE images were used to create a single BSE image

montage for comparison with the x-radiography data at the end of solidi�cation (Fig.

Figure 3.2). Because BSE signal intensity increases with Z [96], regions of high Ag

concentrations are represented by lighter areas in the image, while darker areas

represent low Ag concentrations. This being the case, it is reasonable to conclude that

the small pits observed in very light regions inherited high Ag contents (e.g., from

enriched interdendritic liquid) relative to their surroundings, leading to corrosion during

polishing. In the radiographs, the intensity relationship is reversed because regions of

high Ag decrease the transmission of x-rays, resulting in darker pixels. Despite

differences in spatial resolution and signal depth between these two techniques, the BSE

images (Figure 3.2.a, b) are perceived as inverted relative to the x-radiography (as

expected). To allow for a clearer comparison, an inverted BSE image is included

(Figure 3.2.c) to show the similarities in the solidi�ed features with the fully solidi�ed

x-radiograph (Figure 3.2.d). This observation highlights the fact that Z values have a

strong in�uence on contrast in x-radiography.
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Figure 3.2 (a) Post-solidi�cation BSE image montage with the area of the sample analyzed
through in situ x-radiography indicated by the red overlay. (b) BSE image rotated and cropped to
the x-radiography analysis area with the yellow overlay corresponding to the region of interest in
Figure 3.1.d - i. (c) BSE image with grayscale values inverted to facilitate visual comparison to
x-radiography with the region of interest once again indicated by the yellow overlay. (d)
X-radiograph of the fully solidi�ed sample (939 s after the start of solidi�cation). Yellow overlay
corresponds to the same region of interest as in (b) and (c).

3.4.3 Solidi�cation Calculation Comparison

Following the frame progression during solidi�cation in Figure 3.1.d - i, the �rst solid

to form is a light-colored dendrite. According to the phase diagram (Figure 3.2.a), this

primary solid is expected to have a low Ag content, which causes the interdendritic �uid

to become enriched with Ag. As solidi�cation continues, Ag concentrations in both the

recently frozen solid and the remaining liquid increase as the Al-rich solid continues to

partition Ag into the liquid. The Scheil solidi�cation model is shown and compared with

the evolution of the fraction of phases using an equilibrium (lever rule) solidi�cation path

(Figure 3.2.b).

In the Scheil calculation results (Figure 3.3.b), as expected from the phase diagram,

Ag concentration is found to increase for both the liquid and solid phases during

solidi�cation, and the solidus temperature is reduced from the equilibrium value of 587°C

to the eutectic temperature at around 566°C, as indicated by the ends of the Scheil

curves (solid lines) compared to the equilibrium fractions (dotted lines). At this

temperature, the Scheil model indicates that the remaining liquid reaches the eutectic

point (33 mole percent Ag) and solidi�es as an (Al + 
 ) microconstituent. The trend of

progressive Ag enrichment in the liquid phase is consistent with the BSE images and

x-radiographs.
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Figure 3.3 (a) An equilibrium Al-Ag phase diagram with the sample composition (Al-9.68 Ag
at.%) indicated by a red line. (b) Thermo-Calc solidi�cation calculations showing Ag
concentrations in the liquid and solid phases (Scheil, solid lines) and phase percentages
(Equilibrium, dotted lines).

The results obtained from the Scheil calculations can also be compared directly to

the radiographs by measuring the fraction solidi�ed at different times during

solidi�cation. Using Python, solid regions were identi�ed and manually labeled by tracing

the solid structures on label layers in the napari image viewer. This created binary mask

images which were overlaid on each other to show the progression of the solidi�cation.

These binary masks were then analyzed using the measure submodule of scikit-image

to compare the area solidi�ed of each image to the total area of the images. At this point,

the as-measured fraction solid, with each image representing different solidi�cation

temperatures, was compared to the Scheil simulation results expressed as fraction solid

and temperature. By aligning the as-measured fraction solid with the Scheil calculated

fraction solid, a mapping was made from solidi�cation temperature (position in image

sequence) to solid composition (Figure 3.4.a). The measurement of fraction solid does

not continue for the full range of solidi�cation because the solidi�cation occurred slowly

at the end of the experiment, so the best �tting portion of the Scheil simulation also does

not reach complete solidi�cation. This image number to solid composition mapping from

the Scheil simulation at any given instant was then used to estimate the concentration of

the solid formed between two successive radiographs, ultimately constructing a

spatiotemporal solute microsegregation map (Figure 3.4.b).
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Figure 3.4 (a) Comparison between the Scheil solidi�cation simulation results expressed as
solid composition versus fraction solid (blue) and the Scheil solid composition data mapped to the
fraction solid as measured in this region of the radiographs (orange). (b) Mapping fraction solid to
composition of the solid at the point of solidi�cation (at% Al) during in situ x-radiography. Color
represents decreasing Al content of the solid forming during solidi�cation.

Using this matching procedure between Scheil simulation results and radiographs,

which is based on the observable solid fraction, the agreement between simulation and

experiments lead to a good match (Figure 3.4.a) for most of the freezing range, with

some deviation at high solid fraction. This is directly due to a discrepancy in solid fraction

between model and experiments: given the underlying assumption that the cooling rate

is homogeneous and constant, temperature (simulation) and time (x-radiography) axes

are thus kept linear with respect to each other, which in turn results in the deviation in

fraction versus composition estimation at high solid fraction (Figure 3.4.a). This

discrepancy could, to some extent, be addressed by relaxing the assumption of

homogeneous and constant cooling rate, allowing it to deviate from this ideal case locally

(in time and space), for instance, by directly using the concentration versus solid fraction

curve from the CalPhaD calculation to estimate the concentration pro�le (instead of the

solid fraction versus time and/or temperature). Another possible source of error stems

from how the fraction solid was measured in the radiographs. Since the x-rays travel

through the entire volume of the sample, liquid trapped between dendrites or dendrites

that form but do not span the entire thickness of the sample could be measured as a fully

solid area, even though they represent a volume that may not be completely solid.

Additionally, only a single region of interest of the sample is analyzed in this way, so it is

also possible that this region is not completely representative, as some solute may enter

and exit this region to other portions of the sample, and temperature may also vary

beyond this region. While the current 2D analysis already provides a reasonable

estimation of the solid fraction, it might be further enhanced using contrast-based
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volumetric reconstruction through the sample [102]. An important feature of the

microsegregation analysis technique proposed here is that, while approximate and

relying on strong assumption (e.g., CalPhaD-based solidi�cation path), it is

straightforward to extend to multicomponent solute mapping. This would be impossible

to obtain through radiography analysis alone and could provide an important tool for

further analysis of time-dependent in situ imaging data.

3.4.4 Comparing EDS and x-Radiography

Comparisons between the EDS-determined compositions and the radiograph

intensities can be made, despite differences in the techniques for collecting these

datasets. These comparisons were made by using Python and the napari image viewer

to manually overlay the BSE montage image, the individual BSE images containing the

overlay of the line scan locations, and the x-radiograph showing the fully solidi�ed

structure. With these images aligned, a line could be placed on the x-radiography in the

location corresponding to the EDS line scan, such that the corresponding pixel intensity

of the x-radiograph could be determined. While pixel intensities in x-radiography convey

information about composition due to varying Z of the material in the sample, the

intensities also convey information about the entire thickness of the sample. This is

contrasted with the volume sampled by EDS, which is only on the order of 3 µm from the

metallographically prepared surface (approximately 30 µm below the surface of the

as-solidi�ed sample). Since this volume is about two orders of magnitude smaller than

the volume probed by x-radiography (already the small approximately 250 µm thickness),

the EDS is more akin to an analysis of the surface. These differences need to be

considered when comparing the data. A comparison of an EDS line scan showing the Al

content over the length of the line shows similar trends to the x-ray intensity pro�le of a

line in the same location on the aligned radiograph (Figure 3.5).

Annotations along the datasets in Figure 3.5.c show features consistent across the

length of the line across the sample for both EDS and radiography. The line is oriented

such that the beginning is near the tip of a primary dendrite, traveling along the

secondary dendrite arms towards the areas that were �rst to solidify. Many correlated

features exist between these datasets, such as the maxima annotated in Figure 3.5.c as

c1 and c1', c3 and c3', and c5 and c5', and the minima annotated as c10 and c10'.

Differences between the datasets can be reasonably explained considering the nature of

the acquisition techniques. One way these discrepancies could manifest is through local

maxima or minima in the datasets not centered at the same location along the lines.

Volume measurements captured by x-radiography are expected to deviate from the
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surface measurements captured by EDS in the case when a given feature in the sample

(e.g., a secondary dendrite arm) may not be oriented in a way that places its center of

volume directly in line with the cross-section measured at the surface by EDS.

Figure 3.5 (a) BSE image of an Al-Ag sample showing the position of an EDS line scan
measuring the Al content. (b) X-radiograph of the same sample region, post-solidi�cation. (c) Al
content from the EDS line scan (orange) and the transmitted x-ray intensity (blue), collected
across the length of the lines in (a) and (b) respectively. Each dataset is standardized to a
unitless range for comparison. EDS features annotated as c1 - 10 correlate to x-radiography
features annotated as c1' - 10', respectively.

Another manifestation of the discrepancies that arise due to the differences in volume

versus surface effects of these two modes of analysis is considered in the region of the

sample analyzed across well-de�ned secondary dendrite arms (Figure 3.6). The EDS

and radiograph pro�le data is normalized in the same way as in Figure 3.5, and,

although we see correlations between the minima and maxima of the datasets, the

general trend across the entire length of the EDS data exhibits maxima and minima

(corresponding to Al-rich dendritic and Ag-rich interdendritic regions, respectively) at

similar intensities (orange line, Figure 3.6.c). In contrast, the x-radiography intensity

(blue line) progressively increases across the length of the line.

One possibility for this discrepancy could be the decreasing thickness of the dendrite

arms along the length of the line, rather than composition differences. Progressively

increasing intensity in x-radiography data corresponds to progressively higher

transmission of x-rays. Hence, the secondary dendrite arms further along the length of

the line of analysis could be progressively thinner, allowing for more x-rays to be

transmitted. This may not be visible at the surface after solidi�cation is complete (and
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therefore would not show in the EDS data). Even if the dendrite arms were the same

size and shape, differing orientations with respect to each other could still cause the

dendrite arms to have more volume in the path of the x-rays.

Figure 3.6 (a) BSE image of an Al-Ag sample showing the position of an EDS line scan
measuring the Al content. (b) X-radiograph of the same sample region, post-solidi�cation. (c) Al
content from the EDS line scan (orange) and the transmitted x-ray intensity from the x-radiograph
(blue). Each dataset was standardized to a unitless range for comparison, with data collected
across the length of the lines in (a) and (b), starting at the top left endpoint of the line and moving
towards the bottom center of the images.

Another possibility that may explain some mismatch between the datasets is the

existence of multiple layers of dendrites or of side branches within the sample thickness.

In the annotations of Fig. Figure 3.6.c, most of the features of the EDS data are seen to

correlate with the x-radiography, except for the feature annotated as c3. In the

radiography, c3' consists of two separate peaks, whereas, in the EDS, what we see can

be considered a higher single peak (with some noise). Possibly, a secondary dendrite

arm between the two EDS maxima c1 and c3, but below the surface, such that it would

be behind these other two surface dendrites, could lead to this additional local maximum

in the radiography data, whereas it would remain undetectable from surface analysis.

When we compare the areas around the length of the line on the SEM image (Fig.

Figure 3.6.a) and the radiograph (Figure 3.6.b), we see the correlation between dendrite

arms c1 and c1'; however, the interdendritic region c2 and the following dendrite arm c3

are clear in the EDS data, but neither c2' nor c3' is clear in the radiograph. Solid-state

diffusion is another possibility to alter the compositions of the �nal, as-solidi�ed

microstructure measured by EDS, relative to those that exist just after solidi�cation and
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observed by radiography.

While direct comparisons between x-radiography and EDS remain challenging,

especially due to differences arising between the volume-probing nature of x-radiography

and the surface analysis nature of EDS, the combination of these characterization

methods enables relative changes during materials processing to be analyzed in a

laboratory setting. Three-dimensional analysis, such as 3D computed tomography, could

be considered as an additional concurrent data source, which would support or discard

such interpretations of through-thickness features in the sample. Future work and some

of the potential exploration pathways deriving from this work are brie�y mentioned in the

following section.

3.4.5 Perspectives

Combining both in situ and post-solidi�cation diagnostics, as well as modeling and

simulation tools, offers many exploration pathways for ongoing and future work. Using

CalPhaD alone, several ways of reconstructing the microsegregation pro�le may be

envisioned, only one of which has been illustrated here. Frameworks may be considered

that would for instance combine (1) compositional analysis directly from the gray-level

radiographs [90–94, 102] (however, limited to binary alloys for a semi-quantitative

analysis), (2) microsegregation simulations using different approaches, such as lever

rule, Gulliver-Scheil, or models accounting for �nite diffusivities (e.g., using

CalPhaD-based or other volume-averaged methods [103]), and (3) further

post-solidi�cation compositional analyses, such as wavelength dispersive spectroscopy,

the amount of redundancy with EDS possibly being used as a cross-validation tool or for

more comprehensive analysis.

Combining in situ imaging data and simulations also provides numerous promising

avenues for data analysis of transient conditions during solidi�cation, and determination

of physical parameters otherwise extremely challenging to estimate, if measurable at all.

One recent example of such analysis is combined time-resolved 3D x-ray tomography

data with phase-�eld modeling of grain growth to extract grain boundary mobilities and

their orientation dependence over a statistically relevant sample size [104]. In the context

of solidi�cation, several crucial parameters are particularly challenging to obtain, one

example of which is the anisotropy of solid-liquid interfacial properties like the excess

free energy and its anisotropy. In situ imaging could be combined with corresponding

simulations of microstructural evolution using phase-�eld modeling at the scale of a

representative volume element [105] or other “mesoscale” solidi�cation simulations

using, for instance, envelope-based or needle-based approaches, providing further
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insight into in situ data at the scale of entire experiments [94, 106]. A rigorous integration

of simulation and experiments will most likely involve the use of advanced statistical

analysis techniques for large and highly multidimensional datasets, such as machine

learning.

3.5 Conclusion

This work demonstrates a monitoring technique combining the mesoscopic,

volume-probing investigation of high-energy, microfocus x-radiography and the

microscopic, compositional analysis of SEM EDS, supported by Scheil solidi�cation

calculations. In situ x-radiography can provide relative composition and solid fraction

evolutions by pixel intensity changes during solidi�cation, while post-solidi�cation EDS

can provide more quantitative compositional information, but only after processing of the

material and with localized surface analysis. The pairing of the data received through

volume-probing x-radiography with compositional surface analysis captured by EDS

creates a multimodal montage of data that is greater than the sum of its parts. The

combination of these concurrent datasets with modeling data, here illustrated using

simple CalPhaD-based Scheil calculations, could reveal nuances beyond those directly

accessible through either the imaging, compositional mapping, or simulations taken

separately. Further development and calibration of the techniques illustrated here will

allow for in situ compositional monitoring capabilities of dynamic processing of metals

within a laboratory setting. Potential exists for a completely non-destructive, in situ

monitoring technique available in the laboratory, with which a suf�cient number of

samples could be analyzed by x-radiography and EDS, supported by modeling data and

perhaps calibration experiments, to provide a comprehensive way to capture important

information about solidi�cation dynamics. Furthermore, a database could be created to

link radiograph intensities with EDS-derived compositions for enough relevant conditions

(i.e., sample chemistries and geometries, processing conditions, etc.), combined with

modern, fast-acting real-time post-processing (e.g., based on machine-learning

algorithms), such that compositions could be inferred in situ with reasonable accuracy.
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CHAPTER 4

PROCEDURALLY DETECTING SOLID-LIQUID INTERFACES DURING SIMULATED

ADDITIVE MANUFACTURING AND RAPID SOLIDIFICATION

In this chapter, procedures for detecting metallic melt pools are presented to

automate the process of obtaining real-time solidi�cation velocities to enable

comparisons to process modeling and microstructural outcomes predicted by

solidi�cation theory and modeling. Procedures are developed to analyze two types of

solidi�cation experiments: simulated metal additive manufacturing (AM) of Ni-1.9 Mo-6.6

Al (wt.%) single crystals captured with x-radiography at the Advanced Photon Source

(APS) synchrotron facility at Argonne National Laboratory (ANL) and rapid solidi�cation

of Al-3 wt.% Si thin �lms captured with dynamic transmission electron microscopy

(DTEM) at Lawrence Livermore National Laboratory (LLNL). Each procedure differs due

to the nature of the experiment, but each utilizes common Python libraries including

NumPy, imageio, scikit-image, and napari, to perform steps including denoising,

pseudo-�at-�eld intensity correction, segmentation, and optimization of ellipse �tting.

The procedures are applied to three experiments of each type and the detected melt

pool evolution is compared with manual measurements to show that the procedures are

reasonably accurate. The AM simulator procedure is more prone to inaccuracies due to

noise, and therefore less reliable than the rapid solidi�cation procedure, which is more

robust, partly due to a �t optimization step.

4.1 introduction

Metal additive manufacturing (AM) encompasses a promising collection of

manufacturing techniques in which metallic parts are created layer by layer. These

techniques can create parts with complex geometries that are not achievable with more

traditional, subtractive techniques [110]. However, these techniques are not without their

own challenges. AM-built parts often produce columnar dendrites during solidi�cation.

These anisotropic microstructures can lead to hot tearing [111–113]. While there has

been some success leveraging anisotropy to intentionally localize properties in AM-built

parts [114, 115], isotropic microstructures are usually preferred to reduce the tendency

for cracks to form. This requires the growth of equiaxed grains as opposed to columnar

grains. Many methods have been successful in encouraging equiaxed grain growth,

including alteration of alloy composition [116–118], addition of grain nucleating
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nanoparticles [112, 113], changing build height [119], changing feedstock rate [119, 120],

and changing laser/electron beam processing parameters like power [119, 121, 122],

scan speed [119–121], scan strategy [114, 122], and beam shape [123]. A series of

models have enabled studies of the effects of beam processing parameters on melt pool

dynamics and resulting microstructures. The �rst of such models was developed by Hunt

to analytically describe the growth of equiaxed grains ahead of the columnar solid-liquid

(S-L) interface, shedding light on the columnar-to-equiaxed transition (CET) [124]. This

original CET model was developed for casting applications, but the

Kurz-Giovanola-Trivedi model describing rapid solidi�cation in the growth of columnar

dendrites [125] enabled Gäumann et al. to extend Hunt's model to rapid solidi�cation

[126, 127]. The latter work of Gäumann et al. provided a simpli�ed relationship between

temperature gradient (G), solidi�cation velocity (V), and a material constant (K), which

enables predictions for when an alloy system undergoes equiaxed versus columnar

growth. Using this relationship, studies have predicted and veri�ed microstructures for

varying processing parameters by comparing V, as calculated from experiments, and G,

as estimated with heat transfer simulations in G-V maps [114, 123, 125, 127–131].

These microstructure maps overlay experimental data with regions corresponding to

columnar, equiaxed, and mixed microstructures. Microstructure maps can also be

express process parameters directly, rather than G and V, to determine combinations of

processing parameters likely to produce optimal microstructures [132, 133].

With the opportunity to view melt pool evolution and development of microstructures

under AM-like conditions in situ comes the task of tracking image features across the

duration of solidi�cation. This feature tracking is often performed manually with some

kind of image viewing and annotation software like ImageJ [42]. Manual tracking has

been used to track droplet spatter [31, 134], melt pool length/depth and overall area

shrinkage [134], pores [31, 33], vapor depression/keyhole depth [30, 33], powder motion

and spattering [34], melt �ow within the melt pool via tracing particles [135], and melt

pool volume [35].

Most studies in literature do not explore automated methods of analyzing melt pool

features, although a procedural method for identifying interfaces of melt pools has

received a brief explanation in some studies [29, 136]. In these studies, the interfaces

are identi�ed on a row-by-row basis, based on local peaks in the second derivative of the

radiographs. This methodology is provided in the supplementary materials, however, and

no further explanation is given into how the peaks of the derivatives corresponding to the

interfaces are selected from the other peaks present.
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The goal of this work was to investigate the possibility of automating analyses

necessary to calculate solidi�cation velocities for the prediction of microstructure based

on processing parameters. The successful execution of this type of automation would

remove some inaccuracies related to human error and inconsistent subjective

judgements across different researchers, while also improving analysis ef�ciency.

Automatic analysis procedures are developed for two solidi�cation experiments: an AM

simulator experiment and a rapid solidi�cation experiment. The AM simulator was

developed at section 32-ID-B of the Advanced Photon Source (APS) synchrotron facility

at Argonne National Laboratory [29] to simulate laser powder bed fusion (LPBF): an AM

technique in which material is fused together, one layer at a time, using a high-energy

laser [28]. That said, the AM simulator may also be used more generally to observe

laser-substrate interactions (i.e., a substrate without a powder layer). Hard x-rays and

high-speed x-ray detectors are used to image the melting and solidi�cation of Ni-1.9

Mo-6.6 Al (wt.%) single crystals in situ, revealing the melt pool such that the S-L

interfaces can be identi�ed and tracked. The resulting location information of the S-L

interfaces are used to calculate solidi�cation velocities under LPBF-like conditions. The

rapid solidi�cation experiments were performed by melting thin �lms (approximately 100

nm in thickness) of Al-3 wt.% Si on an amorphous silicon nitride substrate and

monitoring the solidi�cation using a dynamic transmission electron microscope (DTEM)

at Lawrence Livermore National Laboratory. DTEM has proven to be useful in many

rapid solidi�cation studies [137–148]. For each analysis procedure performed here, the

automated measurements are compared to manual measurements to assess the

performance of the procedures.

4.2 Methods

This section outlines the methods for performing the two types of experiments

presented in this work, developing the procedures to automatically detect the solidifying

melt pools as they are observed, and the process for manually identifying the melt pools.

The presented procedures are written in the Python programming language and

formatted into Jupyter notebooks [56]. Using Python with Jupyter notebooks is bene�cial

for both development and presentation. The cell-based nature of Jupyter notebook �les

allow for an iterative work�ow for processing and analyzing data while also creating a

reproducible procedure in the process. Variables declared in each cell are available to

successive cells, allowing for use of the same variables across a notebook, while

showing the output of a cell at any point of the procedure rather than at the end only.

Since cells can contain formatted text in addition to code, scienti�c context can be
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provided about in addition to technical information about the procedure itself in between

code cells, improving readability and reproducibility. Other Python packages used in

these procedures are imageio for reading and writing of image �les [99], NumPy for

representing the images as numerical arrays and performing fast calculations [98],

scikit-image for performing image processing algorithms [100], and napari for visualizing

and annotating the data with an interactive, multi-dimensional image viewer [43].

4.2.1 Ni-Mo-Al Simulated AM

Experiments simulating the processing conditions of LPBF were performed using the

AM simulator at sector 32-ID-B at the APS. The simulator consists of an argon-back�lled

chamber containing a sample �xture holding a thin metallic plate sample (approximately

100 µm thick) sandwiched between two glassy carbon plates in the path of a

polychromatic x-ray beam. A 520 W laser is located above the sample. The experiments

are performed by striking the top surface of the metallic sample with the laser, creating a

pool of molten metal at the surface. High-speed x-radiography captures the melting and

solidi�cation of the sample with a downstream, high-speed detector. An image sequence

through time is captured with a spatial resolution of 1.93 µm per pixel, a framerate of

80,000 frames per second, and a �eld-of-view of 988 by 741 µm. After the laser shuts

off, the melted portion of the sample (hereafter referred to as the melt pool) can be seen

solidifying based on the density and x-ray absorption differences between the liquid and

the solid phases (Figure 4.1).

4.2.2 Simulated AM Detection Procedure

To measure solidi�cation velocities during the AM-like process, the S-L interface must

be tracked through the radiograph sequence from the experiment. Once the location is

known, the change in location over time yields the solidi�cation velocity. To procedurally

identify the S-L interface, the images are processed in a way that highlights the

differences between each image and the preceding image in the time sequence. The

�rst step performed is the conversion of all images from 16-bit unsigned integer format to

a �oating-point image format (Figure 4.2.a). This changes the intensity range from [0,

65536] to [0, 1] to enable �oating point calculation and prevent a loss of information from

rounding to the nearest integer. Next, a Gaussian �lter is applied to each image. This

smooths out noise in the images. Each smoothed image is then subtracted from the

succeeding image (Figure 4.2.b). The resulting subtracted image visually highlights the

moving interface and some varying noise in the images, since it is these features that are
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the areas of greatest difference in the sequence. The intensity of the subtracted image is

rescaled by clipping the intensity of the image. This replaces the pixels with intensities in

the upper and lower �fth percentile with the intensity value at those cutoffs respectively

(Figure 4.2.c). The rescaled images are denoised using a total variation minimization

algorithm [149] implemented in scikit-image as the function denoise tv chambolle. This

further reduces the intensity of the remaining noisy regions in the image. The image is

inverted so the regions corresponding to the S-L interface region are represented by

high intensities in the image (Figure 4.2.d). An upper minimum threshold is applied to the

inverted image to create a binary image (Figure 4.2.e). A skeletonization algorithm [150]

implemented in scikit-image as the function morphology.skeletonize is used to erode

each connected region in the image to one-pixel wide “skeleton” regions in the binary

image (Figure 4.2.f).

Figure 4.1 Subset of a time sequence of x-radiography depicting the solidi�cation of a Ni-1.9
Mo-6.6 Al (wt.%) single crystal after melting with a laser at 104 W (20% maximum power). (a)
Full image of radiograph right after the laser shuts off (t = 0 µs). (b) Radiograph from (a) cropped
to the melt pool and immediate surroundings (t = 0 µs). (c) Cropped radiograph showing partial
solidi�cation and visible solid-liquid (S-L) interface (t = 100 µs). (d) Cropped radiograph showing
further solidi�cation and a smaller S-L interface (t = 200 µs). (e) Cropped radiograph showing
near total solidi�cation with S-L interface no longer easily visible (t = 300 µs).
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Figure 4.2 The procedural image processing routine for identifying the solid-liquid (S-L)
interface for a radiograph taken during the solidi�cation portion of the experiment. (a) Raw
radiograph showing the melt pool and S-L interface. (b) Smoothing with a Gaussian �lter and
subtraction from the succeeding smoothed radiograph in the time sequence. (c) Intensity
rescaling by clipping the top and bottom �ve percent intensities. (d) Denoising and intensity
inversion. (e) Upper minimum threshold to convert to binary image. (f) Skeletonization to create
one-pixel wide regions.

The area of each skeleton region is analyzed using the function measure.regionprops

from scikit-image. Since each region is one pixel wide, the area corresponds to the total

length of the skeleton with each separate branch or “bone” laid end-to-end. For most

images in the sequence, the largest skeleton correlates to the S-L interface. This is seen

by overlaying the largest skeleton over the solidifying melt pool radiographs within the

�rst 200 µs after the laser shuts off (Figure 4.3).

4.2.3 Simulated AM Manual Measurements

The position of the detected S-L interfaces was compared to manual measurements

to assess the performance of the detection procedure. The Python package napari

enables a graphic user interface (GUI) window to annotate multi-dimensional images,

which was used to manually track the interfaces. The sequence of radiographs was

opened in a napari series of frames segmented from the raw image. A napari points

layer was also added to the window. This allowed a user to annotate the images with a

point denoting the bottom of the interface for each image. This manual annotation was

performed three times such that the variance of individual manual measurements could

be analyzed and compared to the mean manual measurement along with the detected

S-L interface locations.
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Figure 4.3 (a - d) Subset of radiography sequence, showing the solid-liquid interface receding
throughout the experiment. (e - f) Skeletonized regions overlaid in red on subset of radiography
sequence, showing the as-detected position of the solid-liquid interface throughout the
experiment.

4.2.4 Al-Si Rapid Solidi�cation

To accurately model Al-Si solidi�cation, solidi�cation velocity must �rst be measured

from experiments. Solidi�cation was monitored in situ with a Dynamic Transmission

Electron Microscope (DTEM). A thin �lm of Al-3 wt.% Si is deposited on a silicon nitride

surface with a thickness of approximately 100 nm. A laser melts the Al-Si �lm and after a

20 µs delay, an electron beam pulsing at 2.5 µs intervals is transmitted through the

sample. The resulting beam is rastered across a detector, which captures nine frames of

the solidi�cation at 120x magni�cation in a single image (Figure 4.4). An automated

identi�cation procedure was developed to calculate the solidi�cation velocity by

identifying the rapidly solidifying melt pool in each frame, �tting an ellipse to each of the

melt pools, and analyzing the change in size of the ellipses. This procedure consists of a

series of Python functions, mostly implemented using a set of packages similar to the

packages used in the AM simulator procedure: imageio, NumPy, scikit-image, matplotlib,

SciPy. The functions were executed in Jupyter notebooks to yield incremental results at

each step for three separate DTEM images depicting rapid solidi�cation of Al-3 wt.% Si.
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