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Ziling Wu

ABSTRACT

X-ray tomography is an imaging technique to inspect objects’ internal structures with ex-

ternally measured data by X-ray radiation non-destructively. However, there are concerns

about X-ray radiation damage and tomographic acquisition speed in real-life applications.

Strategies with insufficient measurements, such as measurements with insufficient dosage

(low-dose) and measurements with insufficient projection angles (sparse-view), have been

proposed to relieve these problems but are generally compromising imaging quality. Such a

dilemma inspires the development of advanced tomographic imaging techniques, in partic-

ular, deep learning algorithms to improve reconstruction results with insufficient measure-

ments. The overall aim of this thesis is to design efficient and robust data-driven algorithms

with the help of prior knowledge from physics insights and measurement models.

We first introduce a hierarchical synthesis CNN (HSCNN), which is a knowledge-incorporated

data-driven tomographic reconstruction method for sparse-view and low-dose tomography

with a split-and-synthesis approach. This proposed learning-based method informs the for-

ward model biases based on data-driven learning but with reduced training data. The

learning scheme is robust against sampling bias and aberrations introduced in the forward

modeling. High-fidelity X-ray tomographic imaging reconstruction results are obtained with

a very sparse number of projection angles for both numerical simulated and physics exper-

iments. Comparison with both conventional non-learning-based algorithms and advanced

learning-based approaches shows improved accuracy and reduced training data size. As a



result of the split-and-synthesis strategy, the trained network could be transferable to new

cases.

We then present a deep learning-based enhancement method, HDrec (hybrid-dose reconstruc-

tion algorithm), for low-dose tomography reconstruction via a hybrid-dose acquisition strat-

egy composed of extremely sparse-view normal-dose measurements and full-view low-dose

measurements. The training is applied for each individual sample without the need of trans-

ferring the trained models for other samples. Evaluation of two experimental datasets under

different hybrid-dose acquisition conditions shows significantly improved structural details

and reduced noise levels compared to results with traditional analytical and regularization-

based iterative reconstruction methods from uniform acquisitions under the same amount

of total dosage. Our proposed approach is also more efficient in terms of single projection

denoising and single image reconstruction. In addition, we provide a strategy to distribute

dosage smartly with improved reconstruction quality. When the total dosage is limited, the

strategy of combining a very few numbers of normal-dose projections and with not-too-low

full-view low-dose measurements greatly outperforms the uniform distribution of the dosage

throughout all projections.

We finally apply the proposed data-driven X-ray tomographic imaging reconstruction tech-

niques, HSCNN and HDrec, to the dynamic damage/defect characterization applications for

the cellular materials and binder jetting additive manufacturing. These proposed algorithms

improve data acquisition speeds to record internal dynamic structure changes. A quantita-

tive comprehensive framework is proposed to study the dynamic internal behaviors of cellular

structure, which contains four modules: (i) In-situ fast synchrotron X-ray tomography, which

enables collection of 3D microstructure in a macroscopic volume; (ii) Automated 3D damage

features detection to recognize damage behaviors in different scales; (iii) Quantitative 3D

structural analysis of the cellular microstructure, by which key morphological descriptors



of the structure are extracted and quantified; (iv) Automated multi-scale damage structure

analysis, which provides a quantitative understanding of damage behaviors. In terms of

binder jetting materials, we show a pathway toward the efficient acquisition of holistic de-

fect information and robust morphological representation through the integration of (i) fast

tomography algorithms, (ii) 3D morphological analysis, and (iii) machine learning-based big

data analysis. The applications to two different 4D material characterization demonstrate

the advantages of these proposed tomographic imaging techniques and provide quantitative

insights into the global evolution of damage/defect beyond qualitative human observation.
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GENERAL AUDIENCE ABSTRACT

X-ray tomography is a nondestructive imaging technique to visualize interior structures of

non-transparent objects, which has been widely applied to resolve implicit 3D structures, such

as human organs and tissues for clinical diagnosis, contents of baggage for security check,

internal defect evolution during additive manufacturing, observing fracturing accompanying

mechanical tests, and etc. Multiple planar measurements with sufficient X-ray exposure

time among different angles are desirable to reconstruct the unique high-quality 3D inter-

nal distribution. However, there are practical concerns about X-ray radiation damage to

biology samples or long-time acquisition for dynamic experiments in real-life applications.

Insufficient measurements by reducing the number of total measurements or the time for

each measurement, are proposed to solve this problem but doing so usually leads to the

sacrifice of the reconstruction quality. Computational algorithms are developed for tomo-

graphic imaging under these insufficient measurement conditions to obtain reconstructions

with improved quality.

Deep learning has been successfully applied to numerous areas, such as in recognizing speech,

translating languages, detecting objects, and etc. It has also been applied to X-ray tomo-

graphic imaging to improve the reconstruction results by learning the features through thou-

sands to millions of corrupted and ideal reconstruction pairs. The aim of this thesis to design

efficient deep learning-based algorithms with the help of physical and measurement priors

to reduce the number of training datasets.



We propose two different deep learning-based tomographic imaging techniques to improve

reconstruction results with reduced training data under different insufficient measurement

conditions. One way is to incorporate prior knowledge of the physics models to reduce the

required amount of ground truth data, from thousands to hundreds. The training data

requirement is further simplified with another hybrid measurement strategy, which could be

implemented on each individual sample with only several high-quality measurements. In the

end, we apply these two proposed algorithms to different dynamic damage/defect behavior

characterization applications. Our methods achieve improved reconstruction results with

greatly enhanced experimental speeds, which become suitable for dynamic 3D recording.

Final results demonstrate the advantages of the proposed tomographic imaging techniques

and provide quantitative insights into the global dynamic evolution inside the material.

This quantitative analysis also provides a much more comprehensive understanding than

qualitative human observation.
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(C) cellular network consisted of branches (gray) and nodes (colored dots)

after initial skeletonization step and (D) after adaptive trimming and node
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example of the adaptive trimming process, which removes extruded dangling
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4.6 A multi-scale representation scheme for the cellular network of sea urchin

porous structures. (A) On the individual branch level (panel i and ii), each
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projecting such normal direction to R-C plane, the angle ω denotes the angle

between the projection and the radial direction (R).γ4,min, γ4,max represent the
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Chapter 1

Introduction

1.1 Overview of X-ray tomographic imaging

X-ray tomography is an imaging technique to inspect internal structures of an object with

externally measured data by X-ray radiation [1, 2]. The measured data, i.e. projections,

characterize the interactions between objects and x-ray radiation through the recording the

line integral of the objects’ linear attenuation coefficient from different angles of view. With

sufficient views of X-ray projections, the cross-sectional images can be reconstructed, which

is called computed tomography (CT). This kind of non-invasive imaging technology has

been widely used to resolve hidden 3D structures [3, 4, 5, 6, 7, 8, 9], and is widely used in

applications such as clinical diagnosis in the hospital, baggage scanning in the airport, defect

evolution characterization in manufacturing, fracturing observation during mechanical tests,

and etc.

Image formation process is described by Radon transform in X-ray tomography, which was

first studied in 1917 by Johann Radon. Each projection, which records the attenuated X-ray

signals after an object, is formulated as a line (2D object) or planar (3D object) integrals

with practical approximations. Figure 1.1(a) illustrates Radon transform for 2D cases and

the value of the attenuation along an arbitrary line L is given by the following line integral:

gθ(s) =

∫
L

f(r)dr, (1.1)

1
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Figure 1.1: Illustration of X-ray tomographic imaging. (a) A 2D slice is recorded as a 1D
line through projection. Various viewing angles of 1D projections are formed into a 2D
array known as sinogram with respect to the viewing angle θ and the detector locations
s. Tomographic reconstruction is obtained from estimating the object from the sinogram
measurement. (b) Radon transform of a 3D object generates planar projections.

where gθ(s) denotes the measured projection from an arbitrary angle θ, s is the coordinates

on the detector and f represents linear attenuation coefficients of the object. 1D projections

from various viewing angles are organized into a 2D array with respect to the viewing angle

θ and the detector location s, as shown in Fig. 1.1(a). Such a 2D array is often called

a sinogram because of the sinusoidal shape. In terms of 3D cases, the Radon transform

typically generates planar integrals (Fig. 1.1(b)) in a higher-dimensional space compared to

2D objects.

X-ray tomographic imaging, as one important class of computational imaging, is the process
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to retrieve the linear attenuation coefficients of the object f(r) from indirect measurement

data gθ(s) using algorithms that rely on computation significantly. The image formation

process for X-ray tomography, described as Radon transform in Eq. 1.1 before, could be

discretized as a forward mapping:

b = Ax + n, (1.2)

where b represents the measurement data recorded by the detector, x denotes the underlying

tomographic image, A is the system matrix determined by the imaging protocol used for the

tomography experiment, and n describes the data noise or error introduced by nonidealities

of the physics imaging model, which is inevitable for any experiment setup. With this discrete

expression of the forward model, X-ray tomographic imaging is formulated as retrieving the

image x from the measurement b, given the imaging system matrix A.

The inverse of Eq. 1.2 could be straightforwardly formulated as a simplistic matrix inversion

x = A−1b with a non-singular A consisting of sufficient number of projection measurements

and sufficient exposure time for each projection. However, the matrix A in tomographic

imaging is always associated with a large condition number, meaning direct inversion is

prone to large numerical errors. Inversion in the Fourier frequency domain, as stated in

the central slice theorem, is a much more practical analytical way that yields a close-form

expression.

However, there are concerns about X-ray radiation damage to biology samples or long-time

acquisition for dynamic experiments in real-life applications. Fast tomography is desir-

able for these cases, which are mostly implemented by reducing the number of projections

(Fig. 1.2(a) ,i.e., sparse-view) or reducing the time for each projection (Fig. 1.2(b) ,i.e., low-

dose). However, insufficient acquisition in fast tomography usually leads to compromised

reconstruction results x [10]. To improve the reconstruction quality, iterative algorithms

with prior regularization are used under the condition of insufficient measurements [11].
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Figure 1.2: Two ways to achieve fast tomography. (a) Sparse-view tomography. (b) Low-
dose tomography. The number of total lines in (a) represents the number of total projections
and the thickness of each line in (b) represents the dosage value for each projection

Reconstruction results are obtained through iteratively optimizing the objective functions

composed of the data‐fidelity term that describes the physics detection processes (Eq. 1.2),

and/or a regularization term that models the prior knowledge of the reconstructed images

x.

The simplest optimization problem without regularization terms is formulated as follows:

x̂ = argmin
x

∥ Ax − b ∥22, (1.3)

which minimizes the square of the difference between the measurement b and the calculated

response Ax to constraint the data fidelity. Optimization of this least square method finds

a set of solutions that are consistent with the measurement with minimized average energy

of noise. Additional information from regularization term can be used to narrow down the

solutions via

x̂ = argmin
x

∥ Ax − b ∥22 +λϕ(x). (1.4)

Here ϕ(x) represents the prior knowledge or the expectations of the reconstructed image
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x, and λ is the regularization parameter balancing the data-fidelity term and the con-

straint regularization term. Various regularizers have been applied to X-ray tomographic

imaging reconstruction for different objects of interests, including total variation (TV) and

its variants [12, 13], dictionary learning [14], non-local means [15], low-rank and its vari-

ants [16, 17, 18], and etc., but solving the optimization problem in Eq. 1.4 generally suffers

from long computational time [19, 20, 21, 22]. There are also limitations regarding the in-

efficiency to represent image global features and constructing the regularizers for arbitrary

objects [23].

1.2 Deep learning-based X-ray tomographic imaging

Recent developments in deep learning have shown great potential in a wide range of ap-

plications [24, 25, 26], including autonomous driving, natural language processing, image

classification, and etc. There are also rapid developments to apply the learning-based al-

gorithms to tomographic imaging reconstruction [27, 28, 29, 30]. These algorithms can be

classified into three categories depending on the domain that deep learning techniques are ap-

plied as measurement domain learning, model-based approaches, and image domain learning

shown in Fig. 1.3.

When operating in the sinogram domain, interpolating the sinogram (sinogram completion)

or filtering the sinogram is performed with CNN. Several works are developed to interpolate

missing data from the sinogram for sparse-view CT with residual learning for better con-

vergence via patch-wisely training [31, 32, 33, 34]. This framework has high computational

efficiency to correct artifacts in the sinogram domain but requires a whole set of high fidelity

sinogram data. Yang et al. [35] presented a DNN-based method trained using low-/high-dose

projection pairs to enhance low-dose X-ray tomographic projections. Besides, methods de-
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Figure 1.3: Classification of deep learning-based X-ray tomographic imaging methods based
on domain that the techniques are applied.

veloped in the sinogram domain are found to result in loss of structural details and reduction

of spatial resolution in the reconstructed image.

Deep learning-based algorithms have also been used within or as a replacement for to-

mographic reconstruction algorithms that connects the sinogram and reconstructed image

[23, 36, 37], and produced promising results. The iterative reconstruction models which

goes back and forth across the sinogram and image domains are performed with deep neural

networks (DNN) with improved image reconstruction quality. One of such multi-domain

approach takes the sinogram data as the input and generates the reconstructed image as

the output directly [36], where the deep learning network replaces the traditional analytical

reconstruction. Another approach is to incorporate a deep neural network powered denoising

step into an iterative reconstruction framework as a regularization term [23]. In these meth-

ods, the deep learning techniques are combined with an iterative reconstruction algorithm

for improved image reconstruction from insufficient measurements. Iterative reconstruction

methods which incorporate the physical model into reconstruction procedure lead to su-

perior reconstruction quality and reduced training data at the cost of longer computation

time [38, 39].

The post-processing methods operated in the image domain are most popularly applied in
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the field of tomographic image reconstruction. This is because the sample features in the im-

age domain are easier to be detected and learned comparing to projections with overlapping

features that are more difficult to distinguish [29, 40, 41, 42, 43]. In this approach, low qual-

ity image reconstruction is firstly carried out using simple analytical inversion algorithms,

and DNNs are then used to remove artifacts and noise from these corrupted reconstructions.

Given a set of training data consisting of low-quality tomography reconstructions and their

corresponding high-quality images, usually obtained from idealized acquisition conditions,

DNN can provide an end-to-end solution that converts future corrupted reconstructions to

enhanced estimates. Many DNN-based approaches have been developed to denoise recon-

structed images from traditional analytical method, such as multi-resolution convolutional

neural network (CNN) [44], mixed-scale dense CNN [45], generative adversarial networks [42],

and etc. However, denoising the reconstructed images requires training a model with two 3D

volumes from the same sample: one from noisy or incomplete projections and the other from

idealized acquisition conditions with high-dose projections, the latter is usually not avail-

able for real-life X-ray tomography applications with insufficient measurement. In addition,

transferring a trained model to another sample is not trivial, since the learned features and

the scale of the noise from one sample are likely mismatches those from another sample. For

example, a model trained with shale sample cannot be applied to a plant cell sample; such a

transferred reconstruction runs the risk of introducing artifacts in the images and/or losing

structural information [40].

The deep learning based tomography reconstruction techniques can also be classified as

the data-driven learning and the model-driven learning by the training data size and prior

knowledge of the to-be-reconstructed images involved in the learning process, as shown in

Fig. 1.4. Data-driven learning frameworks learn the complex statistics from a large train-

ing dataset in a pure data-driven approach. These algorithms do not have a structured
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Figure 1.4: Classification of deep learning-based X-ray tomographic imaging methods in
terms of the training data size and prior knowledge involved.

way to involve prior physical knowledge of the imaging system into the learning process,

and their trained networks are usually difficult to interpret and without convergence guar-

antees [38].Measurement domain learning, and image domain learning are mostly operated

with the data-driven learning frameworks. In addition, lots of labelled data are required as

the ground truth to train a deep neural network and learn the corresponding features for the

general cases [46, 47, 48, 49].

Model-driven learning can be trained on a reduced training dataset because it incorporates

the prior knowledge of the physical system into the learning process and thereby making it

more interpretable [23, 38, 50, 51, 52]. Model-based approaches for tomographic imaging are

operated in model-driven learning framework. On the downside, model-driven learning is

usually computationally expensive to implement and requires accurate model representation.

1.3 X-ray tomographic imaging applied for dynamic

material characterization

Material characterization, as a fundamental process in materials science field, refers to the

general and broad processes to measure and probe materials’ structure [53, 54]. It pro-
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vides important scientific insight to understand and determine materials’ properties. X-ray

tomography is widely adopted within the materials science community to quantify 3D struc-

ture and extract key topological parameters [1, 2], such as phase contiguity, phase fractions,

density variations, and etc. Inspections of structural development over time, also known as

dynamic characterization, provide useful information to understand mechanical properties

and optimize manufacturing processes. Examples include following structural damage evo-

lution under different loading conditions in porous materials [55], studying defect evolution

during sintering or solidification in metal additive manufacturing [56], tracking particle flow

through a constriction [57], and investigating liquid dynamics in the fuel cell [58].

Dynamic material characterization has been challenging as high spatial and temporal resolu-

tions are required to resolve 3D structural information over time [55, 59, 60, 61]. Inspection

has been conventionally performed based on histological sections with a few representative

slices [62]. Characterization based on 2D histological sections only provides structural be-

haviors of a specific cross-sectional area, usually leading to loss of information or misinterpre-

tation [63]. It cannot capture volumetric features such as orientation-dependent anisotropy

and tortuously propagated cracking paths in damage evolution process of cellular materi-

als [64, 65], and location-dependent thermal histories governed by the component geometries

and hatch patterns for metal additive manufacturing [66]. In addition, inherently destructive

sectioning may further destroy the structure. X-ray tomography is adopted to capture 3D

dynamic structure behaviors for its superior spatial resolution and deep penetration capa-

bility. It is an ideal means to track morphological development over time by recording time

lapse sequences of 3D images (a.k.a. 4D imaging). For example, inspections of porosity in

Laser Powder Bed Fusion based additive manufacturing has been widely explored, revealing

a rich database of porosities emerged from various mechanisms, such as keyhole collapse [67]

and lack of fusion [68]; fracture mechanics assessment of crack propagation and other types
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of damage accumulation from time-lapse image sequences in polymer foams [69, 70, 71],

the deformation of natural cellular materials [55, 60, 72, 73], and of geomaterials [74, 75]

under compression. However, lab-based X-ray tomography for large-scale sample is usually

very slow; it may take hours to characterize a millimeter-scale volume with micrometer-scale

spatial resolution. Synchrotron-based X-ray tomography with more enhanced resolution has

speed up the acquisition process to some extent. Ultimately, fast tomography combined with

computational reconstruction algorithms is expected to further speed up the acquisition and

provide a realistic approach for in situ 4D dynamic characterization [1].

1.4 Thesis structure

The overall aim of this thesis is to design efficient and robust data-driven algorithms to

achieve fast acquisition for dynamic material characterization. The remaining chapters of

this dissertation is organized as follows:

Chapter 2 introduces the hierarchical synthesis CNN (HSCNN), which is a knowledge-

incorporated data-driven tomographic reconstruction method for sparse-view tomography

with split-and-synthesis approach. This proposed learning-based method informs the for-

ward model biases based on data-driven learning and thereby enables a reduced training

data size. The learning scheme is more robust against sampling bias and aberrations in-

troduced in the forward modeling. Evaluation on both numerical simulation and physical

experiment was conducted to demonstrate the feasibility of the proposed method. High-

fidelity X-ray tomographic imaging reconstruction results are obtained with a very sparse

number of projection angles. Comparison with both conventional non-learning-based algo-

rithms and advanced learning-based approaches shows improved accuracy. As a result of

the split-and-synthesis strategy, the trained network could be transferable to new cases.
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Chapter 3 presents a data-driven method to enhance low-dose tomography reconstruction via

a hybrid-dose acquisition strategy composed of extremely sparse-view normal-dose projec-

tions and full-view low-dose projections. The training is applied for each individual sample

without the need of high fidelity volumetric training data. Evaluation on two experimental

datasets under different hybrid-dose acquisition conditions show significantly improved struc-

tural details and reduced noise levels compared to uniformly distributed acquisitions with the

same amount of total dosage. The resulting reconstructions also preserve more structural

information than reconstructions processed with traditional analytical and regularization-

based iterative reconstruction methods from uniform acquisitions.

Chapter 4 and Chapter 5 present the implementation of proposed two data-driven X-ray to-

mographic imaging reconstruction techniques to 4D material characterization applications,

including dynamic damage behaviors characterization in the cellular materials (Ch. 4), and

pore evolution in the binder jetting materials (Ch. 5). Through the integration of fast to-

mography reconstruction techniques and computer vision-based structural characterization,

we demonstrate a pathway towards efficient acquisition of holistic dynamic damage/defect

information and robust morphological representation.

Chapter 6 concludes the thesis and discusses the directions for ongoing and future investi-

gations.

1.5 Relevant publications
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Chapter 2

Knowledge-incorporated data-driven

tomographic imaging via Hierarchical

Synthesis CNN

2.1 Introduction

Driven by the demand to reduce X-ray radiation dose and acquisition time in medical and in-

dustrial tomographic imaging applications [15, 44, 76, 77, 78, 79], people have been exploring

X-ray tomographic imaging reconstruction with insufficient acquisition via deep learning-

based algorithms [28, 80]. As shown in Fig. 1.4, these learning-based tomographic imag-

ing methods could be classified as data-driven learning and model-driven learning, based

on the training data size and whether prior knowledge is involved in the learning process.

Data-driven learning-based tomographic imaging methods provide a fast and direct recon-

struction from an end-to-end CNN at the cost of large size of training data and limited

generality. On the contrary, model-driven learning-based methods incorporate the physics

model into the reconstruction procedure, and thereby achieve superior reconstruction qual-

ity at the cost of longer computation time spend on repeated simulation of the physics

model [23, 38, 50, 51, 52]. The choice between data-driven versus model-driven reconstruc-

tion is a matter of speed versus quality.

15
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In our study, we propose to integrate the knowledge of possible sampling biases from the

physics model to the data-driven learning process, in which way we achieve accurate re-

construction with less computational time and smaller training data size for sparse-view

tomography reconstruction. For tomography imaging with insufficient acquisition, the ini-

tial reconstruction from conventional analytical algorithm is usually associated with various

reconstruction artifacts including the ring effects, beam hardening, diffraction blurring, and

Poisson noise. These artifacts and aberration effects are highly nonuniform. For example,

the spatial spectral response of Radon transform severely decays at the high end, which

makes the inversion prone to noise amplification at the high frequency region [81, 82]. The

high spatial frequency insensitivity of CT images deteriorates with reduced projection an-

gles, and is considered as a major obstacle to the scanning speed [83]. Spectrum aberration

is also found in phase tomography, where phase induced diffraction emphasizes the high-

spatial frequency components and ignores the low-spatial frequency information [84]. On

the other hand, Poisson noise is highly sensitive to the intensity of photon flux. The signal-

to-noise ratio is dramatically reduced in dimmer places, consequently [85]. All of these

non-uniformalities may lead to sample biases in the learning processes.

In this work, we propose a novel CNN-based imaging reconstruction method that introduces

a split-and-synthesis learning strategy to address for possible sampling biases. The training

samples are pre-processed to split the information into different bands on domains that are

prone to processing biases, which are then combined in a hierarchical synthesis network. In

our application to X-ray tomographic reconstruction from limited data, the splitting pre-

processing is implemented in both the spatial spectral and the intensity domains. We train

these split bands in a hierarchical synthesis network, which ensures that different spatial

and intensity components are re-balanced correctly in the final reconstruction. Our main

contributions are as follows:
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• A novel strategy to split the training data on domains of potential biases. This separa-

tion pre-processing allows for a guided learning, where physic insights of reconstruction

aberration and noise can be integrated into the learning process to avoid overfitting.

• A hierarchical synthesis network that is adaptive to data pool with multiple sampling

biases. The synthesis stages of the network enable the rebalance of the data against

different sampling biases in each different domain one by one. As a result, the learning

scheme is robust against sampling bias and aberrations introduced in the forward

modeling.

• An efficient network configuration that works with multi-band information without

introducing dense inter-band connections. Reduced computational effort is required

as compared to dense connected DNN approaches.

• Application to X-ray phase tomography with insufficient measurement. The proposed

method proves to correct for the spectral and intensity biases in both scenarios.

• Successive experimental sparse-view X-ray phase tomography reconstruction. We have

demonstrated high-fidelity X-ray phase tomography reconstruction with a very sparse

number of projection angles. Comparing to other state-of-the-art methods including

FBPConvNet [44] and framing U-Net [86], we achieve better performance in terms

of high-frequency information preservation with a significantly reduced computational

time.

We also note that our HSCNN method is different from previous proposed multi-scale CNN

method. Although the previous deep learning studies have achieved high quality CT recon-

structions, most of them cannot be adapted to different biases introduced from the forward

modeling. In particular, the existing U-Net architecture does not satisfy the framing con-

dition for non-local basis imposed by deep convolutional framelets, which often result in

the emphasis of the low frequency component of the signal (blurring artifacts). It has been
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confirmed that the imaging enhancement performance is negatively influenced by the biases

in the training data, which are not systematically learned and identified by the CNN [87].

For example, the lack of representation of high frequency components caused by deficient

sampling, which can be resultant from the pinkish spectrum of the sparse-view CT recon-

struction, can be wrongly interpreted as a feature of the object. Our method, on the other

hand, is capable of dealing with biases in multiple domains in an explicit way, therefore can

be adaptive to various acquisition conditions in a robust manner.

Figure 2.1: Architecture of proposed Hierarchical synthesis of CNNs (HSCNN). (a) Overall
network architecture and detailed network construction for feature fusion are shown in (b)
for the first stage and in and (c) for the second stage.
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2.2 Methods

2.2.1 Hierarchical synthesis of CNNs (HSCNN)

The proposed method involves a hierarchical split-and-combine process for multi-domain bias

correction. We choose to separate the training data in both the spatial-frequency domain

and the intensity domain, where non-uniformity in the forward transfer functions are ob-

served in tomographic reconstructions. As shown in Fig. 2.1(a), the corrupted tomographic

reconstruction images I0 are first pre-processed to split by intensity and spectral frequency.

The bright band I+ and the dim band I− are obtained by filtering pixels above and below the

average intensity, respectively. These two intensity variations I±, together with the original

inputs I0 are concatenated together as the three-channel intensity-split images, denoted as I,

and then successively split again into three spatial channels via low-pass filters on different

resolution scales. Here we adopt the Gaussian pyramid construction method to generate

the spatial splitting images Xs = gs(I) for all s ∈ {1, 2, 3}, where gs represents a Gaussian

average and scaled down function. As shown in the Fig. 2.1(a), each spatial splitting image

Xs owns three-channel intensity-splitting distributions. A total of 9 copies of the training

data are generated with different spatial-frequency and intensity distributions.

Next, these split sample data are fed into a two-stage hierarchical synthesis learning network.

In the first training stage, three convolutional neural networks fs are constructed for each

scale s. fs combines the corresponding three-channel intensity variations Xs to generate an

output of feature maps that matches the ground truth expectations on each of the three

different resolution scales. The outputs of these three networks are up-sampled and concate-

nated together with the original input I0 to produce the four-channel input F for a second



20
CHAPTER 2. KNOWLEDGE-INCORPORATED DATA-DRIVEN TOMOGRAPHIC IMAGING VIA HIERARCHICAL

SYNTHESIS CNN

training stage, which combines the spatial spectral components for the final reconstruction.

F = [I0, f1, u(f2), u(f3)], (2.1)

where u represents an up-sampling function through the bi-cubic interpolation to match

the size of original input I0. Each of the separate CNN networks within the same stage

can be trained in parallel, allowing for a fast learning of features with different scales and

intensities. This hierarchical architecture can be easily extended to include more domain

stages and more bands within each stage.

2.2.2 Architecture of CNNs for feature fusion on each stage

The training nodes in stage 1 use the same architecture as shown in Fig. 2.1(b). For each

scale network fs, the corresponding spatial splitting image Xs is used as the input to one

convolutional block, which is consist of one convolutional layer and one activation function.

We chose to implement rectified linear units (ReLU) as the activation function [88, 89],

i.e., ReLU(x) = max(0, x). The output of such convolutional block is followed by three

residual blocks, each composed of two convolutional layers and two ReLU functions. Residual

blocks create a shortcut between the block’s input and output, which allows a clear path for

information flow between layers. This has been demonstrated to speed up the convergence of

the training phase of the deep neural network. The number of feature maps is set to 32 in the

first convolutional block and increased to 64 in the following three residual blocks. The size of

the convolutional kernels is set as 3×3 throughout the network in our implementation except

the final 1x1 convolutional layer. Such 1x1 convolutional layer is followed with regression

layers are added for the final output at the end.

The second training stage uses a slightly different network architecture compared to the
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training nodes in stage 1, as shown in Fig. 2.1(c). The output of each one of these 3 different

data flow paths together with the original input I0 are concatenated to a 4-channel input F

followed the formula shown in the Eq. 2.1. Similar network architecture to the networks in

stage 1 with two residual blocks instead of three is used to fuse the feature maps and predict

the enhancement.

Figure 2.2: Implementation flowchart of proposed HSCNN with sparse-view tomography as
an example.

2.3 Results and Discussion

2.3.1 Experimental setup

To investigate the performance of the Hierarchical synthesis CNNs architecture for improv-

ing the reconstruction images from limited data, we implemented our proposed method on

MATLAB 2018b with the Deep Learning Toolbox. The machine used for our experiments is

a PC with Intel Core i7-6700K 4.0-GHz CPU, 32-GB RAM, GeForce GTX 960 2GB GPU.
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During each training phase, the Adam optimization method [90] was used to train model

with a mini-batch size of one image patch for each iteration. Although the l2-norm is widely

used as the loss function, it may lose details with edge blurring and image structures missing.

Here we adopt the l1-norm as the loss function. The learning rate was selected to be 1×10−3

at the beginning and dropped by 1× 10−2 every 5 epochs. To avoid over-fitting, l2 regular-

ization term is added with the weight of 0.0005. The validation dataset is used to monitor

the network quality during training and provide the stop criterion. In all experiments, the

l1-norm over the validation dataset, i.e., the validation error is computed every 100 gradient

steps, and the training is stopped once no improvement to the validation error is found for

1,000 gradient steps. All the parameters in this neural network are initialized using a Glorot

initializer [91], which independently samples from a uniform distribution with zero mean and

variance 2/(nin+nout), where nin and nout indicates the number of input and output units in

each layer. The overall framework of the proposed reconstruction method based on HSCNNs

is depicted in Fig. 2.2. Low-quality images reconstructed from sparse-view measurements

and high-quality images reconstructed from full-view measurements are with traditional al-

gorithms, such as Filtered Back-projection (FBP) are fed into the HSCNN as the input and

ground truth, correspondingly.

In this study, we compare results of HSCNNs with results generated by popular tomographic

reconstruction algorithms including the FBP algorithm with a hann filter, the Simultaneous

Iterative Reconstruction Technique (SIRT) [92] with additional box constraints and total

variation-based (TV) regularization reconstruction method [12]. For each algorithm, we

compare the algorithm output image from limited data with the FBP reconstruction from

full-view condition, which is used as the ground truth. Three image metrics: the struc-

tural similarity index (SSIM) [93], peak signal-to-noise ratio (PSNR) [94], are carried out to

quantify the improvement of our proposed HSCNN method. SSIM is a quality measurement
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wherein two images are compared based on their structural information and not solely the

pixel value. The index range is between zero and one which zero indicates no similarities

and one is a perfect structural match between the reconstructed image and ground truth.

The term PSNR is an expression for the ratio between the maximum possible value (power)

of a signal and the power of distorting noise that affects the quality of its representation. A

higher PSNR generally indicates that the reconstruction is of higher quality. In the case of

SIRT reconstructions, we report the results for the number of SIRT iterations that resulted

in the smallest mean square error (MSE), with a maximum of 2000 iterations. Fast itera-

tive soft thresholding algorithm [95] algorithm is used to find the solution to the objection

function. Through it may be a fairer comparison to require the TV method to select its

parameters from the training data and evaluate on the testing data, as our proposed algo-

rithm does, we simply select the parameters that optimize the performance on the test image

via golden-section search algorithm with a maximum of 500 iterations to find the optimal λ

value.

2.3.2 Simulation

We use one simulated phase tomographic data: the foam phantoms under sparse-view and

low-dose limitations for evaluation of the proposed method. To generate a foam phantom,

5,000 single-material non-overlapping spheres with varies sizes are randomly distributed in

a cylinder space. An example of the resulting object is shown in Fig. 2.3. The simulated

object is similar to the real-world foams, which are typically difficult to accurately reconstruct

from limited data. Eleven different objects with the size of 256 × 256 × 256 pixels grid are

generated by choosing different random seeds, with nine set of objects are used for training,

one set of objects is used for validation and the rest one is used as an independent test

object. Tomographic projections of the objects are simulated with TIGRE toolbox with
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parallel beam [96]. The absorption coefficient is set as 1e−12µm−1 and the phase coefficient

is 1000th of the absorption coefficient. The propagation distance from the object to the

detector is set as 5e5µm. Each resulting phase projection image is generated with Fresnel

algorithms by propagating the intensity variations directly after the object to the detector

plane.

Figure 2.3: Sparse-view tomography reconstruction results of simulated foam data. Four
different reconstruction algorithms FBP-hann, SIRT, TV, and HSCNN are implemented for
four different number of projection views (a) 24, (b) 36, (c) 60, and (d) 90.



2.3. RESULTS AND DISCUSSION 25

Figure 2.4: Quantitative metrics of sparse-view and low-dose tomography reconstruction
results of simulated foam data. (a) & (b) SSIM and PSNR comparison for sparse-view
tomography with different number of projections. (c) & (d) SSIM and PSNR comparison
for low-dose tomography with different number of projections.

Sparse-view tomography

We first investigate the performance of HSCNN under sparse-view conditions. We train HSC-

NNs to improve the FBP reconstructions from sparse-view noise-free projections over 180◦

with FBP reconstructions from 360 noise-free projections over 180◦ as target images during

training. To test the performance of the reconstruction algorithms in various sparse-view-

sampling conditions, one slice tomographic image in the testing volume is reconstructed with

24, 36, 60, and 90 projections as shown in Fig. 2.3. We could HSCNN achieves the best visual
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results comparing to the rest three algorithms. The quantitative metrics SSIM and PSNR

comparison is shown as a function of the number of available projections in Fig. 2.4(a)&(b),

which also demonstrates that HSCNN produces images with significantly better error metrics

compared with popular tomographic reconstruction algorithms. Compared with the FBP-

hann algorithm, our algorithm is able to reduce the number of projections ten-fold without

a significant effect in error metric values. Note that even with a highly sparse condition,

HSCNN is able to reproduce the general shape of the scanned object.

Figure 2.5: Low-dose tomography reconstruction results of simulated foam data. Four dif-
ferent reconstruction algorithms FBP-hann, SIRT, TV, and HSCNN are implemented for
four different low-dose cases with b0 values equal to (a) 20, (b) 100, (c) 500, and (d) 1000.
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Low-dose tomography

Next, we investigate the performance of HSCNN under low-dose conditions, where each

projection is prone to low X-ray photons and Poisson noise. We train HSCNNs to improve

the FBP reconstructions from 360 noisy projections over 180◦ with FBP reconstructions

from 360 noise-free projections over 180◦ as target images during training. To generate

noisy projections, Poisson noise and Gaussian noise are applied to the noise-free projections

implemented in the TIGRE toolbox. We use the parameter b0 controlling mean number of

Poisson noise which represents the mean number of photons passing through the object; m

and σ2 denoting the mean and variance of Gaussian noise which representing the mean and

variance of the electronic noise respectively. In modern CT systems, m can be immediately

determined before each scan and are usually calibrated to be zero. In our simulations, we set

the variance of Gaussian noise σ2 as 10 to represents typical detector noise. We empirically

consider four different cases for the b0 parameters: b0 = 20, b0 = 100, b0 = 500, and b0 = 1000

to show the results.

Specifically, the Poisson noise is applied in the following way: first, the noise-free projections

were transformed to virtual photon counts using the Beer–Lambert law, with the background

photon count set to b0. For each detector pixel, a new photon count was sampled from a

Poisson distribution with the original photon count as the expected value. Finally, the

resulting noisy photon counts were transformed back to noisy line integrals of the phantom.

In fig. 2.5, one reconstructed image slice of the testing volume is shown for different low-dose

cases, showing the HSCNN is able to produce accurate results even for highly noisy data. The

comparison of SSIM and PSNR metrics shown in Fig. 2.4(c)&(d) also demonstrates HSCNN

is able to produce images with significantly better quantitative performance compared with

traditional algorithms.
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2.3.3 Experimental Data

Sea urchin spine

We also apply our proposed HSCNN algorithm to two experiment datasets. One set of

experimental data comes from the CT scan of a sea urchin spine sample, collected from the

Advanced Photon Source synchrotron at Argonne National Laboratory. One typical slice is

shown in Fig. 2.6(a).

To acquire this data, dried specimens of sea urchin spines from one specie (Heterocentrotus

mamillatus) were used for the work. Two samples were cut at different locations and scanned

using synchrotron X-ray tomography to analyze internal structures. The reconstructions of

one sample were used for training and the reconstructions of the other sample were used

for testing separately. 1500 projections were acquired with a 2160 × 2560 pixel detector as

the full-view dataset. The acquired data was processed by the TomoPy software package

with the phase retrieval performed by phase duality algorithm and reconstructed using the

gridrec algorithm. The final reconstructed volume is 2160 2D slices of 2560×2560 pixels per

scan.

To make sparse-view images, we uniformly subsampled the sinogram by factors of 10 and

20, which corresponding to 75 and 150 views, respectively. The training is performed using

75 and 150 projections over 180◦ as the network inputs and reconstructions from 1500 pro-

jections over 180◦ as the training ground truth. We train our network in a patch-by-patch

manner because of the limitation of computation memory. 2,000 sparse-view tomography

reconstructed image and corresponding target image patches are cropped with the size of

256× 256 pixels randomly as the training set in each sparse-view tomography training vol-

ume. To produce a validation set, 15% of 2,000 image patches were randomly selected and

removed from the training set.
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Figure 2.6: Reconstruction performance of experimental data. One typical reconstruction
slice of (a) sea urchin spine sample, and (b) foam data from full-view projection acquisition.
Reconstruction results from four different reconstruction algorithms: FBP-hann, SIRT, TV,
and HSCNN under (c) 75-, and (d) 150-view projection acquisition for the sea urchin spine
sample. Column (e) & (f) show the reconstruction results from four different reconstruc-
tion algorithms: FBP-hann, SIRT, TV, and HSCNN under 60-, and 100-view projection
acquisition for the foam data.
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In the first two columns of Fig. 2.6, we show the results of one slice from the tomographic

scan of the testing sea urchin spine sample. In the ten-fold sparse-view case, the 1500-views

reconstruction result (ground truth) shows nearly artifact-free reconstructed image, while

the 150-views reconstruction result shows significant artifacts. Both traditional methods

and our proposed algorithm could reduce these artifacts but our proposed algorithm could

better preserve fine structures compared to the rest. When the sparsity is increased to twenty

times, the artifacts in the sparse-view reconstruction are even more pronounced. We could

see the results of traditional methods cannot reduce artifacts efficiently while our proposed

method is able to produce the result that has a much better result over results of these

traditional method, though retrains slight artifacts.

Foam data

Another set of data is the CT scan of foam data from TomoBank [97], which are complex

cellular systems acquired at the TOMCAT beamline of the Swiss Light Source using the fast

acquisition [57]. Artifact free tomographic reconstruction are required to quantitatively un-

derstand their time-dependent properties, such as deformation fields of bubbles. Fig 2.6(b)

shows one typical slice. In the experiment, X-ray projections of the liquid foam flowing

through a constriction and being rotated around the tomographic axis are acquired. 130 to-

mographic scans were acquired in this process. In each scan, 300 projections were recorded,

processed with the TomoPy software package [98], and reconstructed using the gridrec al-

gorithm. With binning size setting to 3, 223 2D slices of 252× 252 pixels are reconstructed

per scan. For training, we used reconstructions of five tomographic scans (1300 slices in

total), which are 1st, 10th, 90th and 100th scan. To produce a validation set, 100 slices out

of the 1300 available slices were randomly selected and removed from the training set. The

middle tomographic scan, 75th scan, is used as the testing set. To make sparse-view images,
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we uniformly subsampled the sinogram by factors of 3 and 5, which corresponding to 100

and 60 views, respectively. The network training is performed using 100 and 60 projections

over 180◦ as the network inputs and reconstructions from 300 projections over 180◦ as the

training ground truth. The network is trained based on the whole reconstructed image slice.

Figure 2.7: Reconstruction results from different splitting strategies. (a) Ground truth recon-
structed from full-view (1500) projections, and (b) noisy reconstruction from sparse-view (75)
projections, and improved reconstructions from (c) no-splitting, (d) splitting in the intensity
domain, (e) splitting in the spatial-frequency domain, and (f) splitting in both intensity and
spatial-frequency domain strategies. Zoom-in regions of each method are embedded in each
subfigure.

The last two columns of Fig. 2.6 show the results of one slice of the testing foam data with 60

and 100 projections. We could tell that even the ground truth is pretty noisy (Fig. 2.6(b)),

our results with HSCNN algorithm demonstrate great improvement with clear boundary for

the foams. Our method also shows dramatic improvement compared to traditional SIRT,

and TV-based iterative algorithms.
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Table 2.1: Quantitative metrics comparison among different splitting strategies.

Metrics/Method Sparse
(75)

No-
splitting

Intensity-
Only

Spatial-
frequency-
Only

HSCNN

SSIM 0.1232 0.6122 0.7260 0.7133 0.7563
PSNR 12.6061 15.6082 19.6108 18.6420 20.1572

2.3.4 The importance of splitting

Next, we investigate the importance of the splitting. In our proposed algorithm, the split-

ting is performed in the intensity and spatial-frequency domains where the non-uniform

distribution is observed. To show the importance of splitting, we compare HSCNN with

three networks which are traditional convolutional neural network without any splitting

(plain CNN10), traditional convolutional neural network only with intensity domain split-

ting (intensity-only CNN10) and convolutional neural network only with spatial-frequency

domain splitting (spatial-frequency-only CNN). For fair comparison, we set the number

of parameters in these three networks similar to the proposed method. The training is also

allowed enough time by setting the same stop criterion. Fig. 2.7(a) and Fig. 2.7(b) show full-

view reconstruction and sparse-view (75-views) reconstructions with FBP-hann algorithms.

Sparse-view reconstruction result suffers from both the streaking effect and the diffraction

edge effect, as well as Poisson noise. As a result, the FBP-based reconstruction is prone

to noise and the loss of spectral information in both the low and the high ends. It is thus

not surprising that structures are barely visible from untrained reconstruction in Fig. 2.7(b).

No-splitting strategy with the deep learning-based reconstruction algorithm in Fig. 2.7(c)

and Table 2.1 show great improvement compared to raw reconstruction visually and quan-

titatively. This dramatic improvement shows the importance to involve learning-based al-

gorithms. Intensity-domain only splitting (Fig. 2.7(d)) and spatial-frequency-domain only

splitting (Fig. 2.7(e)) show further improvement compared to no-splitting at all. HSCNN,
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nevertheless, provides a high-quality reconstruction in Fig. 2.7(f) with a SSIM of 0.7563 and

a PSNR of 20.1572 shown in Table 2.1.

2.3.5 Compare with other learning-based networks

Figure 2.8: Reconstruction results comparison with other learning-based networks. The
first column shows (a) ground truth reconstructed from full-view (1500) projections, and
(b) noisy reconstruction from sparse-view (75) projections, and improved reconstructions
from (c) FBPConvNet, (d) Framing U-Net, and (e) HSCNN. The second column shows the
zoom-in regions of each method in the red area.

In this section,we compare results of the proposed HSCNN with other popular learning-based

approaches: FBPConvNet [44] and Framing U-Net [86] with the sea urchin spine dataset

under 75-views. The details of FBPConvNet and Framing U-Net were obtained from the

original paper. Both algorithms are retrained based on our dataset accordingly. There are

around 31 million parameters that have to be learned in these two networks, while HSCNN

has around 0.3 million learnable parameters. The training of these two comparison networks

are implemented on a PC with Python 3.5, Ubuntu Linux 17.10, 128 GB RAM, Intel Core

i9 4.6GHz CPU, and a Nvidia TITAN Xp GPU with 12 GB Memory. The training time was

about 1 day and 8 hours, respectively.
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Table 2.2: Quantitative metrics comparison among different learning-based methods.

Metrics/Method FBP-hann FBPConveNet Framing Unet HSCNN
SSIM 0.1299 0.5831 0.7352 0.7563
PSNR 12.6061 16.4513 19.4911 20.1572

As shown in Table 2.2 and Fig. 2.9, best results are generated by our method (HSCNN), while

FBPConvNet and Framing U-net methods achieve visionally similar performance. However,

a closer review at the fine structures reveals the blurring effects from FBPConvNet. This

is caused by the emphasis of the low frequency component of the signal of FBPConvNet.

The result of the framing U-Net is improved compared to that of FBPConvNet since a high

spectral emphasis is imposed through framing which improves the high frequency recovery,

but still inferior to our method HSCNN. This is because the Framing U-Net only considers

one level wavelet decomposition. In addition, deep convolutional framelets independently

process each sub-band from decomposition perspective which ignores the dependency be-

tween these sub-bands. Our method, on the other hand, is capable of dealing with biases in

multiple domains in an explicit way, therefore providing better results. Given the simplicity

of our proposed method, and the easiness/speed to train and test, our proposed method

outperforms all the rest two methods.

2.3.6 Knowledge transferring with HSCNN

We demonstrate the robustness of the training networking in a transfer learning between

two different acquisition scenarios (i.e., sparse-view tomography with different propagation

distance). By avoiding over-fitting through densely interconnected networks, the trained

re-balance synthesis network can be transferred to data with slightly different spectral aber-

rations in the small scale. As shown in Fig. 2.9(a), the hierarchical synthesis network is

first trained by the 75-view sparse-view tomography scan and obtained the network param-
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Figure 2.9: Transfer learning results. (a) Knowledge transferring strategy with proposed
HSCNN algorithm. (b) noisy reconstruction from sparse-view (75) projections (c) Improved
reconstruction based on the same experimental acquisition condition. (d) Directly imple-
ment of trained network for new experiment setup with propagation distance change. (e)
Transferred learning results.

eters trained in the different scales and synthesis networks. The improved reconstruction

result is shown in Fig. 2.9(c) with clear background noise removal and excellent structural

information preservation.

When it comes to another experiment setup with slightly propagation distance change, the

raw reconstruction from sparse-view (75 views) is shown in Fig. 2.9(b). If directly applied

previous trained parameters to this new experiment setup, the improved result is shown

in Fig. 2.9(d). Compared to raw sparse-view reconstruction (Fig. 2.9(b)), there are great

improvements visually and quantitatively as shown in Table 2.3. However, there are still

artifacts and noise in this directly transferred reconstruction result. With the awareness

of small-scale features change, we retrained the small scale network CNN-S and synthesis

network CNN-C with 20 slice datasets. This transferring strategy not only avoid retraining

the whole three networks and thus reduce the computation complexity, but also reduce

the number of training datasets from hundreds to tens of images. Similar high-quality

reconstructions are achieved with a SSIM value of 0.7574 and a PSNR value of 17.6160

as a result of transferred learning. This is compared with a SSIM value of 0.6394 and a
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PSNR value of 15.9437 obtained by directly transferred. Fig. 2.9(e) shows the final modified

transferred result, which demonstrates clear improvement compared to directly transferred

result as shown in Fig. 2.9(d).

Table 2.3: Quantitative metrics comparison between different transfer learning strategies.

Metrics/Method FBP-hann Direct transfer Modified transfer
SSIM 0.1299 0.6394 0.7574
PSNR 12.6061 15.9437 17.6160

2.4 Conclusion

A hierarchical synthesis CNN network architecture is presented to improve X-ray tomo-

graphic imaging reconstruction results under insufficient measurement conditions. Based on

the prior knowledge of potential biases in the different domains, a split-and-combine strat-

egy is implemented to correct for the non-uniformity in the forward model. In addition, by

using a hierarchical synthesis structure, we are able to fuse multi-band information without

introducing dense connections across different bands.

Accurate reconstructions are obtained for simulated sparse-view and low-dose tomography,

and experimental sparse-view tomography with two different samples, which outperform

popular alternative approaches including traditional iterative algorithm SIRT, compressive

sensing via TV minimization, FBPConvNet, and framing U-net, in term of image quality and

computational speed. Generalizations are possible with biases in more than two domains,

and more bands within each domain. This framework provides the possibility for in-situ

dynamic 4D imaging to record continuous damage process, which is helpful to study the

mechanical properties of cellular structures.



Chapter 3

Measurement-domain data-driven

tomographic imaging via Hybrid-dose

measurement

3.1 Introduction

Almost all developed methods for low-dose CT reconstruction improvement require a com-

plete set of high-quality ground truth data. However, such high-quality data usually require

high-dose acquisition, and is therefore seldom available in applications with a limited X-ray

exposure budget, as is the case in dose-sensitive samples and dynamic processes. Recently

proposed unsupervised learning processes without high-quality ground truth have achieved

good results [99, 100]. However, these approaches require estimation of an additive noise

model to correct for the aberrations and noise in the data. In addition, the learned model

cannot easily be applied to different samples; the retraining of a new model is needed when-

ever a new sample or feature is encountered.

We explore here a new approach in which signals from low-dose projections are enhanced

during a fast hybrid-dose acquisition, as shown in Fig. 3.1. In this approach, a few low-dose

projections are collected together with their corresponding normal-dose counterparts. These

37
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low-/normal-dose image pairs are used to train a mapping of features and noises through a

DNN-based learning network; the resulting model is then used to enhance other noisy low-

dose projections. This hybrid-dose data acquisition strategy requires only a few normal-dose

projections, which dramatically accelerates the acquisition and minimizes dosage on samples.

It also simplifies the transfer learning as its easily doable for every sample. Specifically, we

make the following contributions in this work:

• We develop a state-of-the-art DNN-based denoising approach in the measurement do-

main to achieve high-quality reconstructions. Our method learns the denoising model

from extremely sparse-view normal-dose projections and full-view low-dose projections.

The trained model can be used to enhance and denoise full-view low-dose projections.

• We explore the strategy to distribute dosage smartly with best reconstruction quality.

The denoising and reconstruction results are obtained by models learned with different

number of low-/normal-dose projection pairs and different dosage value for low-dose

projections.

• We evaluate our method on two experimental datasets, and demonstrate that the

method can provide excellent projection denoising and reconstruction results. The re-

sults also outperform traditional regularization-based reconstruction and deep learning-

based denoising approaches in terms of image quality and computational efficiency.

We show that the combination of deep learning with the hybrid-dose acquisition can en-

able high-quality tomographic reconstructions with low radiation dose. Our method can be

applied to other tomographic or scanning based X-ray imaging techniques and has great

potential for the study of fast dynamic processes.
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Figure 3.1: The architecture of the proposed deep learning reconstruction framework for
low-dose tomography under hybrid-dose acquisition mode (HDrec). Hybrid-dose projections
are recorded and corresponding image pairs are extracted to learn the denoising model.
Learned model is then applied to full-view low-dose projections to obtain the denoised full-
view projections Pd. Finally, image slices are retrieved from the denoised projections via
conventional reconstruction algorithms.

3.2 Methods

In this section, we explain our DNN-based denoising method via a hybrid-dose acquisition

scheme to improve low-dose tomography reconstructions.

3.2.1 Overview: Feature extraction with hybrid-dose acquisition

Fig. 3.1 shows the proposed DNN-based reconstruction framework for low-dose tomography

under hybrid-dose acquisition scheme, which is referred to as HDrec. This framework con-

sists of three parts. First, hybrid-dose projections are recorded including several extremely

sparse normal-dose projections (Pn) and full-view low-dose projections (Pl). The stars on

the top right corner of sub-figures show different acquisition conditions, where the number

of total star lines represents the number of total projections and the thickness of each star

line represents the dosage value for each projection. Then corresponding image pairs are
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extracted from low-/normal-dose projections to train the network. The architecture of the

DNN is discussed in the next section. The trained DNN denoising model was then used

to enhance the full-view low-dose projections (Pl). Finally, a conventional reconstruction

algorithm, such as filtered back-propagation (FBP), is adopted to retrieve images with the

denoised projections (Pd).

3.2.2 DNN architecture

Our denoising model uses the state-of-the-art U-Net architecture [101] with residual blocks [102],

referred to as residual U-net, to facilitate the information flow. As shown in Fig. 3.1, the in-

puts to the neural networks are the low-/normal-dose projection pairs. The network consists

of two principal parts: the image encoder and decoder. The encoder uses four successive

encoding processes to extract features, each containing two residual units, as shown on

the top right legend. The residual units have been proven to be efficient in learning noise

models for image denoising in computer vision and X-ray tomographic reconstruction ap-

plications [103]. The activation function for each convolutional layer is the rectified linear

unit (ReLU) [88, 89]. Downsampling operation is usually implemented by the max-pooling

operator to reduce the dimension of feature maps and increase the size of the receptive field.

It runs fast but some details may be lost in this processing due to the fixed selecting method.

Here we replace it with convolution filters with the size of 2x2 and a stride of 2 to learn the

downsampling strategy during the training to improve the down-sampling accuracy [40].

The encoded features then pass through three decoding processes to decode the features.

Each process is the same as before with two residual units. Deconvolution layers with the

size of 3x3 and a stride of 2 are implemented as upsampling layers to increase the dimension

of feature maps and decrease the size of the receptive field. Following these three decoding
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processes, we use a convolution layer with one kernel and 3x3 kernel size to generate the

single channel image and add input to this output, same as the operation in the residual unit.

At the end, a convolution layer with one 1×1 kernel generates the single channel image to

match the target image. Skip connection is also implemented to avoid resolution loss during

the down-sampling process of the encoder in the decoder part of the network. Feature maps

generated from transposed convolution layers are concatenated with the preceding feature

maps of the same scale from the encoder part.

3.2.3 Objective function

In this section, we present the loss functions used in the residual U-Net, which are the main

components to quantify the difference between the noisy input and ground truth. The L2

loss function is usually utilized in CNN training processes, which attempts to minimize the

pixel-wise error between the predicted image and the target one. However, the L2 loss yields

over-smoothed and blurry images, which results in distortion or loss of structural details.

In this work, we combined different loss terms into a hybrid objective function to learn the

mapping between low-dose and normal-dose projection pairs.

1) ℓ1 loss is a mean-based metric that encourages the pixels of the output image y to match

exactly the pixels of the target image ŷ. It is similar to the ℓ2 loss (mean-squared error), but

does not over-penalize larger errors between a denoised image and the ground truth as ℓ2

loss does; this prevents over-smoothness and blurring. The ℓ1 loss also helps further improve

the signal-noise-ratio. In our low-dose CT image denoising task, the ℓ1 loss function is:

ℓ1(ŷ, y) =
1

CWH
∥ŷ − y∥1, (3.1)

where ŷ and y are the ground truth (normal-dose projection) and a denoised projection,
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respectively. C, W , and H are the image width, height, and depth.

2) Perceptual loss helps to retain texture and structural details of the denoised image by

comparing high level differences, like content and style discrepancies, between images. We

implement it by calculating the mean squared error of features extracted by a pre-trained

VGG network [104]. Specifically, we use the first 16 layers of the pre-trained V GG network

to extract the feature representation of a given image. The perceptual loss is defined as the

Euclidean distance between the feature representations of a ground truth image V GG(ŷ)

and the corresponding denoised image V GG(y), which is described as follows:

lV GG(ŷ, y) =
1

CfWfHf

∥V GG(ŷ)− V GG(y)∥2, (3.2)

where Cf ,Wf , Hf represent the dimension of the feature maps extracted by the pre-trained

V GG network. Parameters in this network are pre-trained with natural images in ImageNet,

which also work well to extract features of tomographic images [105].

Overall loss function: We combine ℓ1 loss to ensure pixel identity and perceptual loss to

keep high-level texture and structural details:

l = αℓ1 + βlV GG (3.3)

where the coefficients α and β balance these two loss terms, which are decided empirically.

In the training stage, the total loss between the output y and a normal-dose projection ŷ

was calculated for each step and then back-propagated for the neural network optimization.

By combining these two loss functions, we insure the quality of refined projection image.
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Figure 3.2: Overview of the glass and shale samples. One normalized projection slice for the
(a) glass and (c) shale samples. One reconstructed image slice with Gridrec algorithm for
the (b) glass and (d) shale sample.

3.2.4 Model training

Our residual U-Net with hybrid loss was trained using image patches with the size of 128×128

extracted from low-/normal-dose projections pairs, then applied on entire full-view low-dose

projections. We use different number of projection pairs to explore the relationship between

the denoised results and the requirement of normal-dose projections in the result section.

For each case, 80% of total low-/normal-dose projections pairs are used for training and the

rest are used for validation. We use the adaptive momentum estimation (Adam) to optimize
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our residual U-Net with the batch size of 16. We set the learning rate to 1×10−4. with the

first moment estimates β1 = 0.9 and the second moment estimates exponential decay rate

as β2 = 0.999 and a small constant for numerical stability as ϵ = 10−8. We implemented the

network with Tensorflow.

3.2.5 Tomographic reconstruction

We feed the full-view low-dose projection images Pl into the trained denoising model, as

shown in Fig. 3.1, producing full-view high quality denoised projection images Pd. We then

perform tomographic reconstruction with the open-source TomoPy toolbox [98], using the

Fourier grid algorithm (GridRec) with a Parzen filter to balance reconstruction speed and

accuracy. Other tomographic reconstruction methods can also be used.

3.3 Results

We now present the denoising and reconstruction performance of our proposed method when

applied to the glass and shale datasets (Fig. 3.2) from TomoBank [97] under different config-

urations. We used one NVIDIA Tesla V100 SXM2 (32GB memory) GPU card for training,

denoising, and reconstruction. We evaluate our proposed methods against a variety of data

acquisition schemes and compare our method to the state-of-the-art learning-based algo-

rithm, Xlearn [35], and one iterative total variation-based (TV) regularization reconstruction

[12] method both in terms of image quality and computational time requirements.
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Figure 3.3: Simulated low-dose projections and denoised projections and reconstruction re-
sults for the glass sample. The first and third rows show the simulated low-dose projections
and reconstruction results with the dosage value of (a, g) 1000, (b, h) 100 and (c, i) 10
per projection. The second and last rows show the denoised projections and reconstruction
results enhanced with the models trained with four projection pairs and the dosage value of
(d, j) 1000, (e, k) 100 and (f, l) 10 in the low-dose simulations.
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3.3.1 Glass sample

The glass sample contains 20% volume fractions of borosilicate glass spheres encased in a

polypropylene matrix. It was measured at the 2-BM fast tomography beamline of the Ad-

vanced Photon Source (APS), Argonne National Laboratory (ANL). The detector dimension

is 2560 × 2160 pixels with the pixel resolution of 0.65µm. The experiment was performed

with source energy of 27.4 keV and exposure time of around 0.0001s as the normal-dose

projections Pn. 1500 projections were taken over 180◦. Each projection was normalized with

white-field and dark-field measurements, which scales the image between 0 and 1 to obtain

reliable attenuation information for reconstruction. Fig. 3.2(a) shows one normalized pro-

jection in the normal-dose measurements. Multiple bubbles are summed along the X-ray

propagation path for each ray path, resulting in the structure overlap. The green box on the

top right corner shows the zoom-in structural details. Fig. 3.2(b) shows one reconstructed

image slice retrieved from full-view normal-dose measurements with Gridrec algorithm. The

reconstructed structures are seen clearly in this figure.

In order to simulate low-dose projections from these normal-dose measurements Pn, we used

Siddon’s ray-driven forward projection method [106], and added Poisson noise as:

Pl ∼ Poisson{b0Pn}/b0 (3.4)

where b0 is the blank scan factor representing the dosage value per ray/pixel and Pl is the

simulated low-dose detector measurements. No electronic readout noise was simulated. The

dosage reduction ratio of simulated low-dose measurements can be adjusted by setting the

number of photons per projection for the blank scan factor b0. In the glass sample, the

average number of photons for normal-dose projections per pixel is measured to be around

5000. For simplification, we use 5000 to represent the number of photons received per
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projection for each normal-dose projection. Low-dose projections are simulated with Eq. 3.4

by setting b0 = 1000, 100, and 10 as the lower dosage values compared to the dosage of normal

projections. We use the Structural Similarity Index (SSIM) and Peak signal-to-noise ratio

(PSNR) to quantify the structural similarity and noise level compared to original normal-

dose projections. As shown in Fig. 3.3(a–c), the SSIM of simulated projections decreases

with decreasing dosage per projection, and consequently the structural details become more

difficult to distinguish.

Denoising models are trained with simulated low-dose and experimentally measured normal-

dose projection pairs to enhance the full-view low-dose projections Pl and thus obtain the

denoised projections Pd. Fig. 3.3(d–f) show the denoised projection results Pd with four

different low-/normal-dose projection pairs at 0◦, 45◦, 90◦, and 135◦ with the dosage value of

low-dose projections b0 equals to 1000, 100, and 10. Denoised projections Pd (Fig. 3.3(d–f))

demonstrate significant noise reduction and structural details improvement compared to the

corresponding low-dose projections Pn (Fig. 3.3(a–c)). This is also validated with improved

SSIM and PSNR values that the SSIM value of final denoised projection slice (Fig. 3.3(d)) for

dosage value of 1000 is improved from 0.72 to 0.96 and PSNR value is improved from 32.34 to

41.35 by using the denoising model trained with 4 normal-dose and low-dose projection pairs.

These improvements are even more significant for the projections from lower-dosage cases.

For the low-dose projections with dosage values of 100 and 10, it is difficult to distinguish

the structures of the glass phantoms with very low SSIM and PSNR values. By using the

denoised models, the denoised projections (Fig. 3.3(e, f)) are significantly improved.

We also compare the denoised projection performance under more hybrid-dose acquisition

schemes in terms of SSIM and PSNR values to explore the influence of different number of

low-/normal-dose projection pairs. Fig. 3.4(a, b) depict SSIM and PSNR values in terms of

mean and standard variation for the denoised projections enhanced with 4, 32, 128, and 256
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Figure 3.4: SSIM and PSNR distribution with respect to the number of total photons under
each configuration for the (a, b) glass and (c, d) shale sample. Green, blue, yellow, and orange
lines in (a, b) denotes the performance of enhanced projections with different number of low-
/normal-dose projection pairs (4, 32, 128, and 256). Five dots on each line represent different
dosage values b0 = 10, 50, 100, 500, 1000 for corresponding low-dose projections. Blue line
in (c, d) denotes the performance of enhanced projections with the models trained with 32
low-/normal-dose projection pairs. Five dots on each line represent different dosage values
b0 = 50, 100, 200, 500, 1000 for low-dose projections. Black line represents the performance
of pure low-dose projections.

low-/normal-dose projection pairs, shown in green, blue, yellow, and orange lines, respec-

tively. Five dots on each line represent the given dosage values of low-dose projections b0,

which are 10, 50, 100, 500, and 1000 respectively. We calculate the total photons for each

configuration as x label by summing up all required sparse-view normal-dose and full-view

low-dose projections. By comparing these four lines under different hybrid-dose acquisition

modes, we could conclude that more projection pairs don’t improve the projection enhance-
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ment performance. On the contrary, the least low-/normal-dose projection pairs, which is

four projection pairs in our study, always performs the best in terms of SSIM and PSNR

values. We also calculate SSIM and PSNR values of low-dose projections under uniformly

distributed acquisition modes. Ten different dosage values per projection are simulated with

respect to the total photons and treat as the baseline, shown as the black line in figure 3.4(a,

b). The performance of non-hybrid measurements (black line) is consistently worse than that

of the denoised projections with the network enhancement (green, blue, yellow and orange

lines) under the fixed number of total photons. In other words, when the number of total

photons is limited, uniformly distributing the total photons to each projection can results in

mediocre or sub-optimal projection quality. As empirically shown, it is better to concentrate

the photon budget to the few normal-dose projections, and uniformly distribute the rest as

low-dose projections.

Figure 3.5: SSIM distribution of reconstructed slices with respect to the number of total pho-
tons under different hybrid-dose acquisition schemes for the (a) glass and (b) shale sample.
Green, blue, yellow, and orange lines in (a) denotes the performance of enhanced projections
with four different number of low-/normal-dose projection pairs (4, 32, 128, and 256). Five
dots on each line represent different dosage values b0 = 10, 50, 100, 500, and 1000 for low-
dose projections. Blue line in (b) denotes the performance of enhanced projections with the
models trained with 32 projection pairs. Five dots on each line represent different dosage
values b0 = 50, 100, 200, 500, and 1000 for low-dose projections. The black line represents
the performance of pure low-dose projections.

Next, we study the reconstruction results from full-view normal-dose projections Pn, full-
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view low-dose projections Pl, and their corresponding denoised versions Pd. Fig. 3.2(b)

shows the the tomographic reconstructions from Pn, whereas Fig. 3.3(g–i) and (j–l) illustrate

reconstructions from Pl and their corresponding denoised versions Pd, respectively.The SSIM

value of the final reconstruction slice for the dosage value of 1000 (Fig. 3.3(j)) improves from

0.90 to 0.95. These improvements are more significant for the the reconstructions with

lower-dosage values. For the reconstruction results based on low-dose only measurements

with dosage of 100 (Fig. 3.3(h)) and 10 (Fig. 3.3(i)), it is difficult to distinguish the structures

of the glass phantoms with very low SSIM values. The final reconstructions (Fig. 3.3(k, l))

from enhanced projections with corresponding trained models are improved significantly in

terms of visual quality and quantitative SSIM value.

We also compare the mean SSIM values of the final reconstruction volume performance

(Fig. 3.5(a)) to explore the influence of different number of normal-dose and low-dose pro-

jection pairs and how to distribute the total X-ray photons. We could tell there are some

differences between Fig. 3.4(a) and Fig. 3.5(a). Final reconstruction from the learned de-

noising models with a few normal-dose projections outperforms the results from uniformly

distributed projections. The two points beneath the black line are reconstruction results

from the models trained with 128 and 256 low-/normal-dose projection pairs, and the low-

dose projection dosage values b0 are set to 10 and 50, respectively. When we compare the

SSIM performance under the fixed photon budget, the points on green line and blue line

significantly outperform these other two configurations. They are also better than the black

line which represents the uniformly distributed dosage in non-hybrid measurements. These

points on the green and blue lines represent the performance of reconstruction results trained

with 4 and 32 low-/normal-dose projection pairs and the low-dose projection dosages b0 are

around 500 and 1000, respectively. This is because if the dosage value of projections is too

low, the structural details are smeared by the noise. Simply adding more normal-dose pro-
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Figure 3.6: Projection and reconstruction performance of full-view low-dose measurements
and heir corresponding denoised versions for the shale sample. The first and third rows show
the simulated low-dose projections and reconstruction performance with the dosage value of
(a, g) 1000, (b, h) 500 and (c, i) 10 per projection. The second and last rows show the
denoised projections and corresponding reconstructions enhanced with the models trained
with 4 low-dose and normal-dose projection pairs and the dosage value of (d, j) 1000, (e, k)
500 and (f, i) 100.
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jections doesn’t improve the structural restoration. In other words, when the total photon

budget is fixed, it is better to distribute the photons to fewer normal-dose projections, and

uniformly distribute the rest with not-too-low dosage value for each projection.

3.3.2 Shale sample

We further validated the proposed method on a second experimental dataset of the shale

sample with significant different structural features. Shale is a challenging material as its

multi-phase composition, low but significant amount of porosity, small grain size, and strong

shape- and lattice-preferred orientation. In this work, we use a shale sample dataset from

the Upper Barnett Formation in Texas [107]. Micro-CT measurements of the shale sample

were also acquired at APS. We used 1501 projections acquired over 180◦ at APS as the

normal-dose projections. Fig. 3.2(c) shows one normalized projection in the normal-dose

measurements. Multi-phase compositions are summed up along the X-ray propagation path

for each ray path, resulting in the structural overlapping. Fig. 3.2(d) shows one reconstructed

image slice retrieved from full-view normal-dose measurements with Gridrec algorithm. The

average number of photons for normal-dose projections per pixel is measured to be around

4000. We simulate the low-dose projections from these normal-dose measurements according

to Eq. 3.4.

Figs 3.6(a–c) and 3.6(g–i) show simulated low-dose projections and corresponding recon-

structed image slices for low-dose projections with blank scan factor b0 = 1000, 500, and

100. Grain structures are smeared by the noise with the decreased dosage value per pro-

jection in the low-dose measurements, which is also validated with the SSIM and PSNR of

simulated projections and SSIM of reconstructed image slice.

Similar to the glass sample, we trained the residual U-Net to estimate the high-resolution
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Figure 3.7: Projection denoising performance comparison with Xlearn for the (a–c) glass
and (d–f) shale sample: (a, d) normal-dose projections, (b, e) denoised projections with our
method, HDrec; (c, f) denoised projections with Xlearn.

measurements (Pn) when provided with full-view low-dose projections Pl (b0 = 1000, 500, 10)

with 32 low-/normal-dose projection pairs. The second row of Fig. 3.6(d–f) and Fig. 3.6(j–l)

show the denoised projections Pd and reconstruction results enhanced by the denoised mod-

els. Denoised projections Pd could remove the noise significantly and improve the structural

details compared to corresponding low-dose projections Pl, shown in Fig. 3.6(a–c). Tomo-

graphic reconstructions (Fig. 3.6(j–l)) of corresponding denoised full-view projections also

show improved structural restoration, which is also validated with the SSIM values.

We also plot the SSIM and PSNR values of projection slices (Fig. 3.4(c, d)) and SSIM values

of reconstructed slices (Fig. 3.5(b)) vs. number of total photons for each configuration. The

performance of uniform distributed low-dose measurements (black line) is again consistently

worse than that of the denoised projections with network enhancement (blue line) under a
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fixed number of total photons, which is consistent with the glass sample results. This result

again shows that it is better to concentrate photons to a few normal-dose projections and

uniformly distribute the rest as low-dose projections.

Figure 3.8: Reconstruction performance comparison with total variation-based regularization
method for the (a–c) glass and (d–f) shale sample. (a, d) Reconstruction results with Gridrec
for low-dose projections of same number of total dosage as hybrid-dose measurements. (b,
e) Reconstruction results with Gridrec for denoised projections. (c, f) Reconstruction results
with TV-based method for low-dose projections of same number of total dosage as hybrid-
dose measurements.

3.3.3 Projection denoising performance comparison with Xlearn

We compare the denoised projection results against a previously proposed learning-based

method, Xlearn [35]. This comparison method was originally trained with several low-/high-

dose projection pairs and applied to whole low-dose measurements. For fair comparison with
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our case, we use the same network architecture and training strategies as Xlearn and retrain

for the low-/normal-dose projection datasets used in this work. As shown in fig. 3.7, our

method achieves better structural restoration and noise removal performance compared to

Xlearn.

3.3.4 Reconstruction performance comparison with total variation-

based regularization method

We also compare reconstruction image quality with that obtained via the iterative total

variation-based (TV) regularization reconstruction method. We show the reconstructed re-

sults (Fig. 3.8(b, e)) generated by the denoising model trained with 32 low-/normal-dose

projection pairs and low-dose dosage values of 100 and 200, respectively. For a fair compar-

ison, we simulate the uniform distributed low-dose projections using the same total dosage

as for HDrec: 206 and 285 per projection for glass and shale, respectively. The Gridrec

(Fig. 3.7(a, d)) and TV-based (Fig. 3.7(c, f)) reconstructions for the glass and shale samples

are worse than those obtained with HDrec, both qualitatively and quantitatively.

Table 3.1: Computation time comparison

HDrec xlearn TV
Single projection denoising 1.34 550 -
Single image reconstruction 0.86 0.86 55.79

3.3.5 Computational time comparison

We use the glass sample to show the computational costs of HDrec, the Xlearn-based pro-

jection denoising method, and the TV-based iterative reconstruction method, as shown in

Table 3.1. All methods are run under the same computer configuration. The comparison is
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based on:

1) Single projection denoising: HDrec’s use of a fully convolutional neural network allows it

to complete in 1.34s: 410 times faster than the 550s taken by Xlearn.

2) Reconsructing a single image: For HDrec and Xlearn, this requires the application of

gridrec to denoised projections (around 0.86s for a single image); for TV-based iterative

reconstruction, only the reconstruction operation is needed to obtain the final image slice,

with average time of around 55.79s.

3) Total time from denoising of projections to reconstruction: For a complete dataset, it

takes around 1 hour, 9.5 days, and 17 hours for HDrec, Xlearn, and the TV-based method,

respectively, corresponding to speedups of 214 and 16 for HDrec over Xlearn and the TV-

based method, respectively.

3.4 Conclusion and Discussion

We have presented a deep learning-based enhancement method, HDrec, for low-dose tomog-

raphy using hybrid-dose measurements, which contains extreme sparse-view normal-dose

projections and full-view low-dose projections. The denoised projections and reconstructed

slices show significant improvement when compared to Xlearn-based projection denoising and

TV-based reconstruction methods in terms of image quality and computational efficiency.

In addition, we provide a strategy to distribute dosage smartly with improved reconstruc-

tion quality. With a limited dosage budget, the strategy of fewer normal-dose projections in

combination with the not-too-low full-view low-dose measurements greatly outperforms the

uniform distribution of the dosage.



Chapter 4

Application to damage

characterization of bio-cellular sea

urchin spine structure

4.1 Introduction

Cellular materials represent an important class of materials that offer supreme functional

properties with minimum densities [108, 109]. In particular, natural cellular solids exhibit

remarkable damage tolerance behaviors that far exceed their brittle solid counterparts, in-

spiring explorations on the imitation of graceful degrading [64, 110, 111]. Understanding the

damage behaviors is a fundamental challenge in biocellular materials science and relevant

to a broad range of energy absorption and impact shielding applications. These ubiquitous

phenomena emerging from natural evolution lies at the heart of biomicic structural material

design, offers damage tolerance mechanisms across hierarchical length scales that remains

to be revealed. There is a strong belief that the damage tolerance properties are correlated

with the 3D structure of the cellular network. However, damage behaviors characterization

has been conventionally performed based on 2D histological sections with few representative

slices and lab-based micro-computed tomography with low-spatial resolution as discussed

in section 1.4. Recently, synchrotron-based X-ray tomography have provided major insight

57
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into volumetric information with enhanced spatial resolution.

Damage features captured with current damage characterization techniques often rely on te-

dious and observer-dependent manual labeling to exclude the complex structural background[112,

113]. The labeling process is further complicated by the multiple simultaneous failure fea-

tures in cellular materials, involving struts bending, buckling, fracturing and fragmentation,

and etc. [114, 115, 116] More importantly, many recent researches suggest that natural

cellular materials demonstrate multi-scale damage-resistant mechanism, ranging from indi-

vidual struts damage, crack propgation among clustering of chains, formation of densified

bands to the global network failure [117, 118, 119]. Registration of damage behaviors to the

network hierarchy is therefore needed to replace the stochastic description used for homoge-

nous random porous architectures. The desired holistic 3D registration of multiple damages

to the cellular structure inevitably involves challenges to deal with huge amount of volu-

metric analysis that cannot possibly implement manually. An automatic, general approach

directly applicable to 3D data is thus crucial and highly desirable to obtained quantitative

and holistic damage information, which is ultimately required for the understanding and

engineering of damage tolerance through 3D cellular structural design.

Fortunately, recent advances in deep learning dramatically improves the accuracy and ef-

ficiency of automatic computer vision-based analysis. A few recent researches have also

explored using machine learning for damage characterization on pavement, bridge concrete

and metal alloys [120, 121, 122]. However, these learning-based methods have been mainly

applied to 2D images, and the characterized damages are sparsely presented on a solid

background with minor noise or texture, thus are insufficient for the complexity of cellular

damages. In addition, extending the framework of 2D learning to 3D data is not simply the

routine of stacking 2D slices together, which can be impacted by slice orientation and stark

effects [65]. A fast, general, reliable and accurate way to identify and analyzing damages in
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3D cellular materials is still elusive.

Figure 4.1: The cellular structure from the spine of the sea urchin Heterocentrotus mamil-
latus used in this work. (A) Photograph of a live H. mamillatus sea urchin (Image credit,
Eric Noora). (B) Scanning electron microscopic (SEM) image of the biomineralized cellular
structure.

In this work, we implement an in-situ synchrotron-based X-ray tomography to enable a

high-resolution recording of damage evolution over a large spatial-temporal span for 3D

cellular samples. Deep learning-based pattern recognition, 3D computer vision and cellu-

lar microstructure network representation are integrated to enable rapid automatic damage

behaviors detection and quantitative analysis. Damage structures across multiple length

scales, embedded in the complex cellular network, are recognized efficiently and accurately

with deep learning-based algorithms by involving neighboring CT slices as semi-3D damage

detection. The spatial correlations among 2D slices in different orientations and between

adjacent parallel slices are incorporated to extract multi-scale features for local classification

and global segmentation. Final damage regions are identified by combining detection results

from three orthogonal views to fully utilize the advantages of 3D spatial information. De-

tected damage structures are registered to the hosting struts and supporting structures based

on the network representation. Various damage features are quantified, including damage

structural morphology and spatial distribution, hosting struts preference and weakness loca-

tion, supporting struts properties, and etc. Holistic review of these damage features enables
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the tracing of structural-damage relationship and provide the possibility to unravel the de-

sign code for cellular materials. We demonstrate the efficiency of our proposed approach

with the sea urchin spine as the model system for representative damage modes including

catastrophic failure under shear force, and graceful failure under compression and shear-

free bending. By removing cumbersome manual labeling and avoiding associated intra- and

inter-observer variations, our method enables large-scale quantitative registration of damage

structures and their interactions with the hosting cellular structure. The comprehensive

damage data can be directly used for precise damage modeling and simulation, paving the

road towards quantitative material design for damage tolerance.

4.2 Methods

The proposed pipeline consists of four modules: (i) In-situ synchrotron X-ray tomography,

which enables collection of 3D microstructure in a macroscopic volume; (ii) Automated 3D

damage features detection to recognize damage behaviors in different scales; (iii) Quantitative

3D structural analysis of the cellular microstructure, by which key morphological descriptors

of the structure are extracted and quantified; (iv) Automated multi-scale damage structure

analysis, which provides quantitative understanding of damage behaviors. Fig. 4.2 depicts a

flowchart for the four modules and their connections.

4.2.1 In-situ synchrotron Tomography data acquisition and recon-

struction

Dried cylindrical-shaped spine specimens from the sea urchin Heterocentrotus mamillatus

(diameter, 10-15 mm, as shown in Fig. 4.1(a)) were used for this work. A coordinate system
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Figure 4.2: Workflow of the quantitative damage characterization pipeline developed in this
work.

with three orientations, L (longitudinal direction of the spine), C (circumferential direction

of the circular cross section), and R (radial direction of the circular cross section) was used

consistently throughout this work. Samples with this configuration were imaged via the

synchrotron-based µ-CT measurements conducted at the beamline 2-BM at the Advanced

Photon Source, Argonne National Laboratory. A customized in-situ mechanical loading

device was used for both synchrotron-based compression and indentation tests, through

which the samples can be mechanically tested while allowing for X-ray imaging through an

X-ray transparent window. For the in-situ compression tests, the samples were compressed

by a steel platen through a stepwise fashion (typical step size, ca. 0.1 mm). Once the

displacement is stopped, the sample stage together with the in-situ device was rotated for a

full tomography scan. The beamline was equipped with a single-crystal LuAg:Ce scintillator
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for converting the X-ray into visible light, which was further magnified with a 2x or 5x long-

working distance objective lens. For a typical scan, 1500 projection images were acquired

during a rotation with the exposure time of 0.1 s (corresponding to the total scan time for a

single tomography scan of 2.5 mins). The projection images were collected by using a PCO-

Edge high-speed CMOS detector (2448 × 1024 pixels), which resulted in typical voxel size of

1.725 or 0.69 µm depending on the objective lens used. This resolution ensures the profiling

of local branch morphology, with at least 10 voxels sampled across the branch cross sections.

For the in-situ indentation tests, a ceramic tip was used to induce localized deformation.

The tomographic reconstructions of the collected projection images were achieved through

two methods: a standard Fourier grid reconstruction algorithm implemented in the open

source software Tomopy [98] for full-view measurements and a custom-developed knowledge-

Incorporated hierarchical synthesis convolutional neural network (HSCNN) implemented for

sparse-view measurements to speed up the acquisition. For the reconstructions implemented

in Tomopy, a number of imaging treatments were used to suppress noise and remove re-

construction artifacts. Firstly, pixels with abnormal counts resulted from defective detector

pixels were removed from the projection images and replaced by the average of surrounding

pixels. Secondly, the projection images were normalized with the white and dark back-

grounds. Thirdly, streak artifacts caused by X-ray scattering were suppressed by applying

a Fourier Wavelet-based filter[37], Titarenko’s filter[38] and subsequently a smoothening fil-

ter to the projection sinograms. Lastly, for the diffraction induced fringes at the edge and

the presence of high-density convoluted interfaces in the structure[39,40], a phase retrieval

step was conducted to restore the diffraction fringes to sharpen the boundaries of the ob-

jects. This step is implemented through the phase-attenuator duality model[41-43], where

the attenuation coefficient (absorption) and the extinction coefficient (phase diffraction) are

jointly considered for imaging reconstruction. Desired sharpness of edges was obtained by
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manually tuning the relative strength between the absorption and the phase diffraction.

In the custom-developed HSCNN method, sparse-view (150 projection images) measure-

ments are uniformly extracted from full-view (1500 projection images) measurements for the

undamaged original stage, which provides 10 times reduction of the scan (from 2.5 mins to 15

secs). Image slices are then reconstructed with both sparse-view and full-view measurements

with Tomopy toolbox as the input and ground truth to train the HSCNN model. Detailed

implementation method related to HSCNN model is discussed in Chapter 2. After training

the HSCNN model for undamaged stage, We could further implement it to damage stages

with faster experiment speeds which could provide more continuous damage stages.

4.2.2 Deep learning enabled autonomous damage features detec-

tion

The damaged construction units (struts) embedded in the complex cellular network are

identified via a deep learning-enabled process. Common features of damaged struts are

extracted in a semin-3D manner by learning in three orthogonal views and neighboring

adjacent slices of each direction, which enables accurate damage regions detection in new

cases. The choice of deep learning framework could be adjusted depending on the integrality

degree and distribution scope of damaged struts.

Classification of local scale damage features

The slightly damaged strut usually behaves like a separated intact strut with a high contrast

micro-notch (fracture). Fractures embedded in original struts are distributed locally, and

thus identified by DL-based local feature recognition algorithm, as shown in Fig. 4.3. Frac-

ture locations and rough shapes are firstly proposed by correlating with a manual-established
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Figure 4.3: Deep learning-based fracture recognition. (a) Method flow of fracture detection.
(b) Selected 3D view of individual struts and corresponding detected fracture, illustrating
the correct classification results using this three-step strategy algorithm. (c) Performance of
fracture detection accuracy in terms of number and area (IOU) for each step, which showing
the high fracture number accuracy at the last step and increasing fracture area detection
accuracy.

multi-scale fracture library. Fracture patterns are defined as multiple narrow gap patterns

and formed as a feature map library. Such local fracture feature libraries considering all pos-

sible orientations, widths, and lengths in the small patch of size, based on the observation

of fracture patterns from the databases and resolution limits. Tomographic reconstructed

slices are correlated with the defined crack library in the x-y, y-z, and x-z planes as the

first step in Fig. 4.3(a). An initial crack filtering is then implemented by thresholding the

maximum correlation value for each pixel. The highly correlated locations indicate a high

probability of finding a crack, and the highly correlated filter at this location reveals the

shape of the potential crack. The proposed crack candidates are then further classified in

the 3D DL-based algorithm to enhance the accuracy of detection based on nonstandard

features beyond the feature library and correct the influence of complex cellular structures.
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We calibrate the initial fracture detection with manually labeled crack data, which is used

to train a convolutional neural network (CNN) classifier. Adjacent slices in addition to 2D

image slices are involved to extract 3D multi-scale features. Finally, 3D image dilation and

erosion are implemented to the summation of identified fracture with damage struts as faked

intact struts. Real fracture shape is refined by subtracting damage strut from faked intact

struts.

Segmentation of global scale damage features

With the accumulation of multiple fractures, struts are further separated into multiple pieces,

leading to fragmentation. Fragmented struts are distributed dispersed across space and are

more interconnected compared to fractures. A semi-3D segmentation framework is estab-

lished to label the fragmentation regions by combining detection results from three orthog-

onal views to fully utilize feature in different orientations. To be specific, fragmented struts

are first manually labelled in three different orientations, each orientation with 10 image

slices. These image slices in combination with their adjacent slices and their corresponding

manual segmentation are used as the input and ground truth to train one convolutional neu-

ral network (CNN). The image slices in three different orientations are identified with the

trained network separately. Final fragmentation results are obtained by combining results

from three different orientations. In each orientation, we further extended the 2D segmen-

tation, which is usually done by to extracting features from a single 2D slice, to semi-3D by

taking advantage of the spatial correlation between adjacent slices. The semi-3D training sig-

nificantly reduces computational costs and memory requirement compared to an end-to-end

training of the 3D architecture.
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Figure 4.4: Global fragmentation detection. (a) 3D representative damaged volume. (b)
Fragmentation segmentation framework, which contains three different CNNs in three dif-
ferent orientations, including the x-y, y-z and x-z planes. (c) Final segmented fragmentation
region, colored in yellow. (d) Fragmentation detection accuracy with different recognition
strategies, including 1-1 (1 orientation and 1 slice), 1-3 (1 orientation and 3 slices), 3-3 (3
orientation and 3 slices), 3-5 (3 orientation and 5 slices), 3-33 (3 orientation and 33 slices).
These different strategies are implemented to study the importance of involving different
orientation and different number of adjacent slices. The strategy of 3-5 shows the best re-
sults, which is the algorithm we used for segmentation in the following analysis. (e) Selected
2D slices to show the performance of each strategy.

4.2.3 Quantitative 3D structural analysis of the cellular microstruc-

ture

Besides autonomous detection of damage features, a quantitative description and analysis

in 3D are required to fully understand the mechanical properties of the complex cellular

structures. However, the details of the network organization and statistical features of these
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structures in both local and global scales still remain elusive. In this section, we present a

comprehensive computational data analysis pipeline for processing, extracting, representing,

and analyzing the hierarchical structural parameters of the 3D cellular microstructures of

echinoderms’ skeletons by using sea urchin spines as a model system.

Automatic image segmentation

We first segment the tomographic imaging of cellular microstructure of sea urchin spines into

binary data. We utilized the Expectation-Maximization (EM) algorithm to group pixels into

foreground and background by modeling the distribution of pixel features with a mixture of

Gaussian functions. Segmented volumes are shown in Fig. 4.5A.

Network construction and Network construction

The segmented volumetric data was used as the input for the cellular network analysis

followed by the procedures below.

Skeletonization: A custom-written 3D thinning algorithm based on an iterative erosion

method was developed to extract the 3D skeleton of the cellular structure from the binarized

data, which represented individual branch as a line with one voxel thickness [123] (Fig. 4.5A-

C). The skeleton of the cellular structure consists of a network of branches interconnected

with nodes. The node of the skeleton is defined as the voxel with more than two neighbor

voxels. The position of the node is also used to register individual branch by specifying the

starting and ending nodes. The network after the direct skeletonization treatment suffers

from several inherent artifacts, including extrusions from dangling branches (Fig. 4.5E) and

node clusters characterized by unrealistic short branches (Fig. 4.5F).

Adaptive trimming: To refine the skeletonized network, we applied an adaptive trimming
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Figure 4.5: Network construction. (A) A representative volume based on the segmented
binary data. (B) 3D rendering of the cellular structure, and corresponding (C) cellular
network consisted of branches (gray) and nodes (colored dots) after initial skeletonization
step and (D) after adaptive trimming and node merging. (E) Schematic illustration and (G)
a corresponding representative example of the adaptive trimming process, which removes
extruded dangling branches and associated nodes. (F) Schematic illustration and (H) a
corresponding representative example of the node merging process, through which node
clusters with distances between adjacent nodes smaller than a critical distance, dm will be
merged to a single node.

process to remove extruded branches, which were branches not connected to the network

at one end (Fig. 4.5E). Extruded branches are often due to the local surface extrusions of

the cellular structure. In addition, branches that are cut off by the volume boundaries also

exhibit as extruded branches (red arrows, Fig. 4.5C). Extruded branches are identified by

inspecting the connectivity and lengths of branches within the analyzed network. As the side

effect of this removal step, nodes connected by two branches, which are referred as 2-N nodes,

emerge. We identified each pair of branches connected by these 2-N nodes and connected
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these branch pairs by replacing these 2-N nodes with branch points. The connectivity of the

network is updated after each trimming step after all the extruded branches are removed, as

shown in an example in Fig. 4.5G.

Node merging: After removing the extruded branches with the adaptive trimming, further

refinement was conducted on nodes. The node cluster that is composed of nodes connected

with very short branches is considered as artifacts after skeletonization (Fig. 4.5F). We first

dealt with one special case of node cluster, i.e., adjacent nodes that are directly connected

without branch points between the nodes. Connected nodes are results from the skeletoniza-

tion of the non-smooth discrete volume, where extrusion are recognized as branches with

unnecessary nodes. We replaced connected nodes with one single node, the coordinate of

which is in the center coordinate of the node cluster. The connectivity of the network is

updated after this merging procedure. For general case of node clusters, we removed short

branches and merged the node cluster into one node in the center of the cluster. In our

analysis, we set the threshold of merging distance (dm = 10 voxels, corresponding to 6.5

µm) to be roughly the mean branch radius (6.2 µm). As shown by a typical example in

Fig. 4.5H, many node clusters are present in the original skeletonized network, and this

merging process is critical to clean the unnecessary nodes and short branches.

The aforementioned steps establish the cellular network of the original tomography data of

sea urchin spine’s porous structure. The network information, including nodes, branches,

and their associated surface profiles, is registered in terms of a featured graph G = N,B, P ,

where N and B represent for nodes and branches, respectively. The associated surface pro-

files, P, for individual branches are registered by using the binarized volumetric data. This

allows for further structural quantification, such as branch thickness, surface curvature, and

node diameter. The size of this combined network representation is 0.1% of the original

tomography data, yet it carries the complete geometric information of the original structure.
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Feature extraction and analysis

Figure 4.6: A multi-scale representation scheme for the cellular network of sea urchin porous
structures. (A) On the individual branch level (panel i and ii), each branch is denoted as
Bij bounded by two nodes Nind Nj which is characterized by its original branch length
(lo,ij), Euclidean distance (lij),branch orientation θo,ij and ωo,ij,branch thickness (to,ij, the
radius of the thinnest part of a branch) and branch morphology. θo,ij the misorientation
angle of the branch from longitudinal direction (L) and ωo,ij denotes the angle between the
branch projection and radial direction (R) in R-C plane. The branch morphology along a
branch (Pij(l))) is normalized and fitted into a quadratic function. On the local cellular
level (panel iii), the node types (represented by colored dots) and ring structures formed by
connected branches (highlighted by a red circle) are registered. The diameter of the rings
is denoted as dring global network level (panel iv), the long-range alignment of branches,
denoted as “branch chain”, can be identified. Two angles are defined: ψ. misorientation
angle of a branch in the chain from longitudinal direction (L), β, inter-branch angle between
two adjacent branches in the chain. (B-E) Schematic diagrams of node type N-3, -4, -5, and
-6. γ3,1, γ3,2, γ3,3 represent the three inter-branch angles in N-3 node (γ3,1 < γ3,2 < γ3,3),
and mean angle γ3 = (γ3,1 + γ3,2 + γ3,3)/3. θ and ω represents the node orientation. The
misorientation angle (θ) for N-3 node is the angle between the longitudinal direction (L) and
the normal direction of the base plane of N-3 nodes. By projecting such normal direction
to R-C plane, the angle ω denotes the angle between the projection and the radial direction
(R).γ4,min, γ4,max represent the minimum and maximum inter-branch angle for a N-4 node
Nj.

In this step, we developed an automatic computer vision-based pipeline to extract, classify,

and analyze the structural descriptors of the registered cellular network and surface morphol-
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ogy at three length scales, namely, the individual node and branch level, the local cellular

level, and the global network level (Fig. 4.6).

Individual node and branch level: The network connectivity registration identifies individual

branch, Bij, which is bounded with two end nodes, Ni and Nj, as shown in Fig. 4.6A-i.

The branch length is calculated with two metrics, the Euclidean distance, lij, defined as the

straight distance between the starting and ending nodes, and the physical branch length,

lo,ij, obtained by accumulating the distances in all neighboring voxels on the branch. The

physical length lo,ij records the curviness of the branch and therefore is usually greater than

the Euclidean distance lij. We define the branch length ratio as sij = lo,ij/lij, which is

greater than 1 for curved branches and equals to 1 for straight ones. The branch orientation

is characterized by two angles, the misorientation angle, θ, and the in-plane rotation angle,

�. θ is defined as the angle between a branch vector and a reference global direction (e.g., the

longitudinal direction (L) of the sea urchin spine). For calculation of the in-plane rotation

angle �, the branch vector is first projected to the plane perpendicular to the defined global

direction (e.g., the R-C plane for the case of direction L). � is then defined as the angle

between the projection direction and another selected in-plane reference direction (e.g., the

radial direction R). The in-plane misorientation angle � ranges from 0° to 360°. The branch

profile, Pij (l), is used to describe the cross-sectional size and morphology along the length

of each branch (Fig. 4.6A-i). This is achieved by registering the intersecting line profiles

between the cross-sectional planes (perpendicular to Bij at the sampling point) and branch

surface at a given location of l. This allows for the determining the branch profile, Pij, by

using the radius of an equivalent circle with the same area of the intersecting profile. The

thickness in the middle of a branch is denoted as branch thickness, to,ij. The local branch
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thickness profile Pij is fitted with a second-order polynomial

Pij(l)/to,ij = 1 + a(l⁄lo,ij) + b(l⁄lo,ij)2 (4.1)

where a and b are fitting parameters.

Following the previous work on the inter-trabecular angle (ITA) method developed by

Reznikov et al. for the analysis of trabecular bone microstructure[4,53], we quantified the

node connectivity and characteristics of the cellular structure of sea urchin spines (Fig. 4.6A-

ii). First, the node type is categorized by the number of branches connected to a given node

as N-3 (with three connecting branches), N-4 (with four connecting branches), ..., and N-n

(with n connecting branches) (Fig. 4.6B-E). The inter-branch angle for different node types

is defined following the similar approach described in [4,53]. For example, for N-3 nodes, the

three inter-branch angles are denoted as γ3,k, where k (1, 2, and 3) indexes the three angles in

a ascending order (Fig. 4.6B). The average inter-branch angle for individual node is denoted

as γ3. Similarly, the inter-branch angles for N-4 nodes are represented by γ4,min, γ4, γ4,max

representing the minimum, average and maximum values (Fig. 4.6C).

To analyze the orientation of N-3 nodes, we defined a central axis as the orientation that

shared the same angle with each individual branch of a N-3 node (Fig. 4.6B). The misorien-

tation angle θ and the in-plane rotation angle � are defined in a similar way for the branch

orientation. The direction of the central axis is selected so that the angle between the cen-

tral axis and each branch is less than 90 degrees. Due to this convention, the misorientation

angle θ ranges from 0° to 180°, which is different from the � range of branch orientations.

Following the previous work on trabecular bones [124], we defined the cosine of the angle

between the central axis and each branch as the planarity index, which varies between 0 and

1. The plane formed by N-3 nodes is flatter when planarity index is closer to 0.
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Local cellular scale: In this scale, we investigated the local interconnection characteristics of

adjacent branches. An algorithm was developed to quantify the number of branches required

to form a complete ring structure (Fig. 4.6A-iii). The analysis process is as following: starting

from a given node, a “tree-shape” structure is constructed by identifying the neighboring

nodes that are connected to the starting node. As this process continues to expand the

“tree” structure, a ring is identified when the original node is included in the new layer

of connections. This indicates that the node is connected back to itself in a non-repeated

manner. The number of branches included in a complete ring is then used to define the ring

type. For instance, a 5-B ring refers to a ring composed of 5 branches. We calculated the

area enclosed by the ring and fitted it into a circle. The diameter of the fitted circle is defined

as the ring size (dring). All branch points that form a ring are fitted into a plane, the normal

direction of which is defined as the ring direction. The ring orientation is characterized by

following the same definition of branch orientation and N-3 node orientation.

Global scale: The alignment of connecting branches over long distance is investigated by

defining a branch alignment factor as CAF k
ij = max�(k = i, i + 1…)(ck�c(k + 1))(k, k + 1),

where ck is the unit vector of normal direction of the kth branch in a “chain” structure

starting from the branch of interest. By including the inter-branch angle k,k+1 between two

neighboring branches in the chain structure, CAF measures the degree of alignment for the

most aligned k-node chain structure (Fig. 4.6A-iv). An iterative algorithm is implemented

to detect aligned chain structure with minimized CAF. The statistical analysis of inter-

branch angle β, branch length and thickness for branches in the detected chains, and offset

angle � (the angle away from a defined global direction) can be performed to evaluate the

structural characteristics of these chains. We further quantitatively describe the structural

orderings at global scale by conducting the long-range 3D fast Fourier transform (3D-FFT)

analysis of structural descriptors extracted from the full-volume registered network of the
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cellular structure. In particular, we applied Fourier analysis on registered node positions

over large volumes (>0.1 mm3) to investigate its long-range periodicity. Note that directly

implementing a Fourier analysis on the original 3D tomography data with such large volume

is computationally expensive, and not necessarily informative due to the mixing of structure

information on all different scales. The 3D-FFT analysis based on the node distribution

resolves these challenges, and provide a clear representation of the global orderliness or

randomness of the cellular network.

Implementation and accessibility

The customized cellular network analysis algorithm has been implemented in MATLAB.

It is available for download at https://github.com/Ziling-Wu/Quantitative-3D-structural-

analysis-of-the-cellular-microstructures.

4.2.4 Multi-scale damage structure analysis

With the detected damage features and quantitative description framework of the cellular

structure, we perform a multi-scale damage structure analysis to quantitatively characterize

the damage process. This provides important insights to study local damage preference and

overall damage evolution process, which are mostly studied qualitatively in previous research.

Damaged struts are firstly identified by overlapping detected fracture/fragmentation with the

original undamaged volume. Here we identify the corresponding original undamaged volume

by using digital volume correlation (DVC) with the damaged volume. This volume is then

represented as a cellular network consisting of individual nodes and labelled connecting struts

as discussed in section 4.2.3. All struts are characterized by branch length, branch thickness,

and branch orientation. Damage surfaces are then located and registered to each hosting
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individual strut through the nearest neighbor criterion. These hosting struts are classified

as broken struts and the rest struts without registered damage surfaces are considered as

intact struts. Subsequently, registered damage struts surface are analyzed at three length

scales, including individual damage surface level, local hosting struts level, and global damage

distribution level.

Figure 4.7: Automatic multi-scale damage structure analysis. (a) Steps of automatic damage
structure analysis algorithm. (b) Damage detection results with deep learning-based recog-
nition. (c) Identified previous mechanical stage (undamaged or previous stage) via digital
volume correlation. (d) Cellular network representation of undamaged volume. (e) Damage
structure registration in the cellular network. (f) Multi-scale damage structure analysis.

Individual damage surface level: Individual properties of registered damaged surface are

quantified through principal component analysis in 3D, which results in three principal

directions with different variances. The principal direction with the minimum variance is

treated as the normal direction of the registered damage surface, which is also named as

damage vector vd. The orientation of registered damage vector vd is characterized by two

angles, the misorientation angle, θ, and the in-plane rotation angle, ϕ. θ is defined as the

angle between a damage vector and a reference global direction (e.g., force direction during

the mechanical test), which ranges from 0° to 90°. For calculation of the in-plane rotation

angle ϕ, the damage vector is first projected to the plane perpendicular to the defined global

direction and then defined as the angle between the projection direction and another selected
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in-plane reference direction. The in-plane misorientation angle ϕ ranges from 0° to 180°.

Local hosting struts level: Registered damaged surface is further correlated to the hosting

struts in the local scale. We first characterize the intersection angle between the struts and

damage vector vd as inter-branch-damage angle ω. There are two ways to fracture the struts

as through-damage and across-damage. Through-damage goes through the nodes area and

continuously destroy the other struts; Across-damage only fracture single struts without

connecting to a next registered damage. Branch ratio ωo is used as the criterion to differ

these two different damage types, which is defined as the ratio of branch thickness and half

of the branch length for each specific strut. If the inter-branch-damage angle ω is bigger than

ωo, the damage is denoted as through-damage, otherwise, it is described as across-damage.

Exact damage positions are further identified as the point in the branch line which has the

smallest distance to the damage surface. In this case, damage location is defined as the

minimum distance ld of the damage point to the connected nodes over the branch length l.

Global damage distribution level: Damage surfaces are fitted into one plane with the principal

components analysis algorithm. The planarity is defined as the distance of each point on the

damage surface to the fitted plane, which shows the variation of the damage propagation.

Damage surfaces are further labelled as each isolated parts considering their connectivity.

The number of registered damage surface on each isolated damage surface is counted to

study the connectivity of damage surfaces.
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4.3 Results and Discussion

4.3.1 In-situ synchrotron Tomography reconstruction

We performed sparse-view tomography of 150 views and 75 views for undamaged sea urchin

spine volume with our developed HSCNN algorithms. 2D image slices reconstructed based

different acquisition conditions, including full-view, 150-views, and 75-views are compared

in chapter 2.3.3. In situ sparse-view experiments under mechanical tests have not performed

yet as the result of the Covid shut-down policy. HDrec algorithm discussed in chapter 3 also

shows the potential to speed up the acquisitions to provide more continuous damage stages.

We would like to perform in situ hybrid-dose acquisition experiment for sea urchin spine

structure under mechanical tests in the future. We intend to acquire several normal-dose

measurements (Pn) and full-view low-dose measurements (Pl) before the mechanical test

to learn the denoise model firstly. Then continuous full-view low-dose projections (Pl) are

acquired with the advancement of mechanical tests. Each full-view scan will take shorter time

depending on how low dosage each projection is. For example, ten times dosage reduction

on each projection could lead to 30 seconds per scan. Then the learned denoise model is

applied to measured continuous low-dose projections and obtain high-quality measurements.

In this way, more continuous damage stages are acquired to study the dynamic evolution

process. For the following analysis, we still utilize the full-view reconstructed volumes to

demonstrate our analysis methods.
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4.3.2 Damage detection accuracy

Fracture detection accuracy

We used a data set of 2 volumes (which contain ∼ 200 fractures), cropped from two different

mechanical test experiments, to train and validate the fracture labelling algorithm. We

obtained a number classification accuracy (the percentage of correctly classified fracture

number according to a human observer) of 95% and an area classification accuracy (IOU:

interaction of classified fracture area and a human observer result over union of these two

results) of 92%. It is worth to be noted here that it is difficult to determine the ground truth

via human labelling since the complex and noisy background. Our final detected results are

visually similar to the manual labelled results without obvious errors. The accuracy of each

step is also shown in Fig. 4.3(c). A few examples of fractured struts and their corresponding

recognized fractures also show the correct classification results using this three-step strategy

algorithm.

Fragmentation detection accuracy

Fragmented struts are first manually labelled in three different orientations, each orientation

with 10 different image slices. These image slices combined with their adjacent slices and

their corresponding manual segmentation are used as the input and ground truth to train

(24 slices) and validate (6 slices) the fragmentation segmentation network. Five different

segmentation strategies are studied , including 1-1 (x-y orientation and 1 slice), 1-3 (x-y

orientation and 3 slices), 3-3 (3 orientation and 3 slices), 3-5 (3 orientation and 5 slices),

3-33 (3 orientation and 33 slices). These different strategies are implemented to study the

importance of involving different orientation and different number of adjacent slices. The

strategy of 3-5 shows the best results with the IOU of 92.56% ± 1.10%, which is the algorithm
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we used for segmentation in the following analysis, as shown in Fig. 4.4(d). Several selected

2D slices are shown in Fig. 4.4(e) to illustrate the performance of each strategy.

4.3.3 Network representation and multi-scale statistical analysis

Figure 4.8: Selected quantitative analysis of the cellular structure in H. mamillatus spines.
(A) 3D rendering and (B) corresponding skeletonized network of a volume close to the center
region of a H. mamillatus spine. (C) Skeletonized network with node types indicated with
colored dots. (D) Distribution of node types in this volume. (E) Network representation
of the selected region with branch length highlighted in different colors and (I) Correlation
of branch orientation and length in the same volume. (D)&(I) are based on the same color
scale. (G) Distribution of branch length lo,ij and Euclidean distance lij. (H) Distribution
of the length ratio sij. (I) Skeletonized network with branches colored according to their
thicknesses (to,ij). (J) Correlation between branch orientation and thickness in this volume.
(K) Statistical distribution of branch thicknesses to,ij in this volume. (L) Measurements of
branch profiles and the fitting results for individual branches in this volume.
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In this work, we chose the spines from sea urchin H. mamillatus as our model system.

The H. mamillatus spines exhibit a gradient porous internal structure with porosity ranging

from 80 vol% in the center to 60 vol% in the edge region, which was consistent with previous

measurements [125]. In the current study, we used a relatively small region (200 µm (R)×250

µm (C)×250 µm (L)) of the sea urchin spine (H. mamillatus) to demonstrate the capability

of this cellular network analysis method. The representative volumes used in this work were

extracted close to the center region of a spine. We show several selected statistical results of

this represented volume in this section.

The representative volume (200 µm (R)×250 µm (C)×250 µm (L)) after segmentation is

shown as a 3D volume rendering in Fig. 4.8A. After the initial skeletonization, this volume

contains 6342 nodes and 4574 branches. The trimming process reduces the numbers to 5126

nodes and 3584 branches, and the final merging treatment further refines to 1249 nodes and

2233 branches. The density of nodes and branches are 124900/mm3 and 223300 /mm3,

respectively. Fig. 4.8B shows the final registered network including the node coordinates Ni

in red dots and connecting branches Bij in dotted grey lines.

Node characteristics: Due to the incomplete cutting of branches at volume boundaries, nodes

within 10 µm and branches within 20 µm from boundary are not considered in our further

analysis. In this volume, 289 nodes and 1030 branches are deleted due to this boundary

effect. The node types of the valid nodes within this volume is illustrated in Fig. 4.8C

as differently colored dots, which exhibits a uniform distribution. As shown in Fig. 4.8D,

node type N-3 (nodes connected with three branches) and N-4 (nodes connected with four

branches) are dominating node types within this volume (50% and 35%, respectively). Node

type N-5 and N-6 comprise 12% and 3%, respectively, where no N-7 nodes and nodes of

higher-connectivity are observed. The relative frequencies of N-3: N-4: N-5: N-6 nodes are

around 17:12:4:1.
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Branch characteristics: The measurement of the branch length requires a consistent deter-

mination of the two ends of a branch. With the skeletonized network representation, we are

able to measurement the lengths and morphology of branches consistently. First, both phys-

ical branch length lo,ij and the Euclidean distance lij are calculated for each branch from

the network registration, and the distribution is shown in Fig. 4.8G. The mean physical

branch length is 21.7±7.9 µm and the mean Euclidean distance is 18.0±6.2 µm (N=1203).

As shown in Fig. 4.8H, the length ratio sij is 1.2 ± 0.1, indicating that most of branches are

slightly curved. The branch length can be also presented by the 3D branch map colored in

terms of their physical length shown in the original cellular network (Fig. 4.8E). The corre-

lation between branch orientation and branch length can be further visualized by using the

polar scatter plots (Fig. 4.8F). The long branches (cyan and yellow data points) typically

have �=90°, which indicates that they are orientated in the R-C plane. Moreover, the shorter

branches corresponding to the dark blue data points exhibit a clear orientation preference by

aligning along the L direction with misorientation angles centered around 20°. In addition,

the uniform distribution of in-plane rotation angles � shows no orientation preference in the

R-C plane.

The calculated branch thickness to is shown in a colored 3D diagram mapped on the original

cellular network (Fig. 4.8I). The mean branch thickness is 6.2±1.5 µm (N = 1203), and

most of the branch thicknesses range from 4 to 8 µm (Fig. 4.8K). In addition, as shown

in the polar plot of the branch thickness as a function of their orientation distributions

(Fig. 4.8J), the thicker branches (red and yellow data points) concentrate in the center of

the plot, indicating that the branches aligned in the longitudinal direction tend to have larger

thicknesses, whereas the branches with � values close to 90° typically have thickness smaller

than 5 µm (blue data points, Fig. 4.8J). This indicates that the thinner branches are mostly

oriented in the R-C plane. In addition to the single branch thickness value at the middle
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point of a branch, the entire transverse profile of each branch within this volume is extracted

as Pij, which is then fitted with a 2nd order polynomial according to Eq. 4.1 (Fig. 4.8L). The

average normalized branch morphology, we normalize each individual branch profile with its

own length lo and thickness to, and the fitting result is P (l)/to = 1−0.026(l⁄lo)+1.23(l⁄lo)2

(R2 = 0.899). This finding indicates that the branches in the sea urchin spine structure are

highly curved, in stark contrast to the morphologies of branches in synthetic foams, where

the well-known plateau branches are observed [126, 127].

More statistical analysis results in local cellular level and global network level are included

in the references.

4.3.4 Results of multi-scale damage structure analysis

In this section, we show the multi-scale fracture and fragmentation analysis results. Three

different cases of fracture regions detection embedded in their corresponding representative

volumes are depicted in Fig. 4.9(a), which are extracted from three different mechanical

tests. Fig. 4.9(a-i) shows the volume (186µm × 233µm × 186µm) under the compression

mode, Fig. 4.9(a-ii) shows the volume (260µm × 326µm × 260µm) under the shear mode,

and Fig. 4.9(a-ii) shows the volume (208µm × 260µm × 208µm) under the bending mode.

These volumes are of similar number of struts (∼ 1400 struts). Fractures are registered to

each individual struts and colored differently according to their orientation θ in Fig. 4.9(b).

We can see that fractures formed under the compression mode (Fig. 4.9(b-i)) are more con-

centrating around 0 degree and tend to be perpendicular to the compression direction. Such

distribution is dramatically different compared to the distribution of fractures formed under

the shear mode (Fig. 4.9(b-ii)), which are more concentrating around 90 degree and tend to

be parallel to the compression direction. The distribution of fracture under the bending mode
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Figure 4.9: Fracture analysis results. (a) Fracture regions detection embedded in their
corresponding representative volumes under (a-i) compression, (a-ii) shear and (a-iii) bending
modes. (b) Fractures registered to each individual struts with different colors according to
their orientation θ for these three different modes. (c) In-plane rotation angle ϕ distribution.
(e) Inter branch-crack angle ω distribution, and (f) comparison of two different crack types
for these three different modes. Branch length distribution in terms of broken and intact
struts for (i) compression, (j) shear, and (k) bending modes. Branch thickness distribution
in terms of broken and intact struts for these three modes. (g) Fitted plane in gray color
for (g-i) compression, (g-ii) shear and (g-iii) bending modes. Overall (h) planarity and
(m)connectivity distribution.

(Fig. 4.9(b-iii)) is more dispersed compared to the rest two. In terms of the distribution of

in-plane rotation angle ϕ (Fig. 4.9(c)), fractures formed under the compression and bending

modes are distributed more dispersed the compared to shear mode. Fig. 4.9(d & e) show the

results of inter branch-crack angle ω and corresponding crack type distribution when com-

paring each fracture in terms of each corresponding struts. There are more through-strut

fractures for the compression and bending modes compared to more across-strut fractures

in the shear mode. In addition, fractures formed with these three different modes are all
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randomly positioned on each strut (Fig. 4.9(f)). The branch length and branch thickness of

the broken struts and the intact struts are also analyzed statistically for these three modes

in Fig. 4.9(i-l). It shows no preference for the branch thickness for among the broken struts,

but longer branches tend to break in all these three different cases. In terms of global damage

spatial distribution, fractures under these three different modes are fitted into planes (shown

as gray planes in Fig. 4.9(g)). The distance of each voxel on fractures is measured as d and

compared to each individual mean branch length lm for these three different modes. The

distribution of the ratio d/lm is shown in Fig. 4.9(h) that fractures formed under the shear

mode are more aligned compared to the compression and shear modes. We could also tell

from the connectivity of these three modes in Fig. 4.9(m) that fractures formed under the

compression and bending modes are more connected compared to fractures formed under

shear mode, indicating that the cracks are more likely to propagate to its adjacent struts in

compression and bending.

Detected fragmentation regions are shown for both the compression and indentation modes

in Fig. 4.10 (a) & (i) in light green color. The blue region shown in Fig. 4.10 (i) is the labelled

ceramic tip with proposed algorithm. Then we overlap the fragmentation region with the

previous damage stage (aligned and identified via DVC) to recognize the fragmentation

boundary as the damage surface. Upper surface for compression mode and outer surface

for the indentation mode are analyzed statistically. Damage surface is further registered to

each individual strut and colored differently according to their orientation θ in Fig. 4.10(b)

& (j) for these two modes. We could see that damage surfaces formed under the indentation

mode (Fig. 4.10(j)) are more dispersed compared to the compression mode (Fig. 4.10(b)), as

expected, but both of the two modes show dispersed in-plane rotation angle ϕ distribution

in Fig. 4.9(e) & (k). Fig. 4.10(f) & (g) illustrate the results of inter branch-crack angle ω and

corresponding crack type distribution for compression mode and display more through-struts
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Figure 4.10: Fragmentation surface analysis results. (a) & (i) Detected fragmentation re-
gions for both compression and indentation modes in light green color. The blue region
shows the labelled ceramic tip. (b) & (j) Damage surface is registered to each individual
strut and colored differently according to their orientation θ for compression and indentatin
modes. Branch length distribution of broken struts and intact struts for (c) compression and
(d) indentation modes. Distribution of (e) registered damage surface orientation, (f) inter
branch-crack angle ω, (g) corresponding crack type distribution, (h) fracture location for
compression mode, and Distribution of (k) registered damage surface orientation, (l) inter
branch-crack angle ω, (m) corresponding crack type distribution, (n) fracture location for
indentation mode.

damage surface, which is consistent with the fracture distribution under compression mode

(Fig. 4.9(d) & (e)). Differently, damage surfaces under the indentation mode tends to be

more across-struts as shown in Fig. 4.10(l) & (m). In addition, damage surface formed with

both these two modes has no preference for the position on each strut (Fig. 4.10(h) & (n)).

The branch length of the broken struts and the intact struts is also analyzed statistically for

these two modes in Fig. 4.10(c) & (d). It shows no branch length preference of the broken

struts for the indentation mode (Fig. 4.10(d)) but longer struts are more likely to break

under the compression mode (Fig. 4.10(c)), which is similar to fracture preference for the
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compression mode discussed before.

4.4 Conclusion

To summarize, we present a quantitative comprehensive framework to study the dynamic

internal behaviors of cellular structure, which contains four modules: (i) In-situ synchrotron

X-ray tomography, which enables collection of 3D microstructure in a macroscopic volume;

(ii) Automated 3D damage features detection to recognize damage behaviors in different

scales; (iii) Quantitative 3D structural analysis of the cellular microstructure, by which

key morphological descriptors of the structure are extracted and quantified; (iv) Automated

multi-scale damage structure analysis, which provides quantitative understanding of damage

behaviors. We demonstrate a pathway toward efficient characterization of holistic damage

information and robust quantitative way to represent mechanical behaviors in complex cel-

lular structures.

For future work, the presented inspection pipeline will be extended to record the damage

evolution process in more continuous mechanical tests by applying hybrid-dose measure-

ment strategy. The whole characterization framework will be further applied to analyze the

damage evolution process to establish the linkage among different mechanical test stages,

which could provide important insights to study mechanical properties of the cellular struc-

ture. The comprehensive damage data can be directly used for quantitative and multi-scale

damage modeling and simulation, paving the road towards quantitative material design for

damage tolerance.



Chapter 5

Application to Unravel Pore

Evolution Process in Binder Jetting

printed Materials

5.1 Introduction

Recent years have witnessed the rapid development of various metal additive manufacturing

(AM) technologies, from powder bed fusion, directed energy deposition, and binder jet-

ting, to additive friction stir deposition, allowing for net-shaping of a broad range of metals

and alloys [128, 129, 130, 131, 132]. However, AM also features a variety of defects like

pores, internal micro-cracks, and air bubbles that can be present in massive quantities with

heterogeneous distributions in the as-printed materials [131, 133], and is found to severely

degrade the mechanical properties of the binder jetting samples [134]. The reliability of AM

parts critically depends on our quality control capabilities, which allows for optimization

that reduces or eliminates the defects [66]. This necessitates the development of advanced

inspection schemes to enable complete volumetric examination on the macroscopic level as

well as comprehensive understandings of the defect characteristics and their global evolution

during AM and post-processing. There are still a number of substantial challenges for the

Understanding defect evolution in current AM research [59, 135, 136], including: 1) high-

87



88
CHAPTER 5. APPLICATION TO UNRAVEL PORE EVOLUTION PROCESS IN BINDER JETTING PRINTED

MATERIALS

Figure 5.1: Framework of the 3D inspection pipeline for pore evolution in post-processing
of additive manufacturing using binder jetting, including three major components of 1) X-
ray micro-tomography data acquisition, 2) 3D morphological and statistical analysis, and 3)
machine learning analysis. GMM stands for Gaussian mixture model.

throughput internal defects detection, 2) automated defect registration, and 3) large and

complex defect datasets analysis in macroscopic samples.

To address the first challenge, we implement our developed fast tomography algorithm,
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HSCNN, to collect high-resolution X-ray tomography data with only a fraction of the normal

data acquisition time. This method enables major advancements compared to other available

techniques, such as optical, scanning electron, or transmission electron microscopy. Detailed

review of previous traditional techniques is included in the Section 1.4. However, high-

resolution lab-based micro-tomography for large-scale sample is slow; it may take hours

to characterize a millimeter-scale volume with micrometer-scale spatial resolution. Fast

tomography is more describe to speed up the acquisition with high-quality volumetric data.

The second challenge stems from automated defect registration. While the high-resolution

volumetric tomography data provides comprehensive structural information, the size of the

dataset is massive (∼2-15 GB), involving a large quantity of 3D defects with morphological

features spanning over several orders of magnitude. As a result, defect identification and

characterization need to be automated with 3D morphological analysis algorithms. Some

commercial software codes, such as FEI Avizo [137], and free image analysis software, such

as ImageJ/Fiji [138], are employed to perform the semi-automated defect analysis for XCT

data to provide some useful information of defects, such as porosity fraction, pore area/vol-

ume size, position, etc. in 2D slices or 3D volume. These pre-defined parameters, however,

could not fully characterize the pores morphology features such as extrusion and necking. As

a result, the capability for quantitative defect categorization and dynamic evolution analysis

is limited. More comprehensive and reliable morphological characterization are needed with

3D analysis algorithms. Recently, there has been great interest in developing computer vi-

sion based automated inspection [139, 140, 141]; in particular, deep learning approaches have

enabled example-based rather than conventional rule-based algorithms [24, 142]. Progress

in this regard will facilitate automated 3D analysis approaches for advanced inspection in

metal AM, which provides the solution for automated defect registration through employ-

ment of computer vision algorithms. The involvement of computer vision algorithms could
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process large sets of X-ray tomography data for holistic defect registration and morphology

parameterization more reliably and efficiently.

The third challenge lies in efficient data analysis of defects with complex shapes, where

quantification of the morphology is essential to understand the global defect evolution during

AM and post-processing. Currently, the defect information in AM is typically represented

by a single metric, porosity, which is the volume fraction of pores [143, 144, 145]. The

porosity can effectively describe the quality of AM parts only if the spatial distribution of

pores is uniform and all of the pores are similar in sizes and shapes. It is also well known

that porosity alone is insufficient to account for the part properties such as permeability,

elastic anisotropy and fracture toughness [146, 147], which are highly dependent on the pore

shape, orientation, and spatial distribution. Understanding the underlying correlations and

trends for large defect datasets is therefore extremely important. Such quantification and

assessment can be explored through statistical extremes, such as the maximum volume [148].

Here, we explore an alternative big data approach to extract evolutional features from the

comprehensive dataset of all pores to address this challenge.

In this work, a new inspection approach for AM research in binder jetting materials is pro-

posed, which integrates the recent advances in (i) fast tomography, (ii) 3D morphological

analysis, and (iii) machine learning-based big data analysis. Here, we demonstrate this

method by examining the post-processing in binder jetting additive manufacturing, which

involves substantial global pore evolution from the green state, to the sintered state, and

to the hot isostatic pressed (HIPed) state. We use copper as a model system, which is

difficult to print using powder bed fusion and directed energy deposition due to the high re-

flectivity and high thermal conductivity [149], but are readily printed by binder jetting with

good quality—as long as the internal pores can be effectively reduced via post-processing.

We show that the approach is effective at detecting and handling the information associated
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with the large number (∼105) of pores in macroscopic samples, and the pore morphology can

be sufficiently represented by a few morphological descriptors based on principal component

analysis (PCA). The detected pores are found to be best categorized into four morphological

groups, including quasi-spherical pores, small elongated pores with high solidity (a.k.a. con-

vexity, which is used to quantify the amount of concavities of a shape within in its convex

boundary.), large elongated pores with low solidity, and reticulated defects. By quantifying

the evolution of the pore morphological parameters and the weight of each categorized mor-

phological group, we find a reduction in the pore size and eccentricity after sintering and

HIP. During sintering, the interconnected reticulated defects break up into smaller pores,

while the HIP process is more effective at reducing the size and increasing the solidity of the

isolated pores.

5.2 Methods

The proposed pipeline consists of three modules: (i) fast micro X-ray computed tomography,

which enables quick collection of 3D defect data in a macroscopic volume using sparse-

view tomography techniques; (ii) automated 3D morphological analysis, based on which

the collected data is processed for defect registration and morphology parameterization; (iii)

principal component analysis and clustering analysis, by which key morphological descriptors

of the defects are extracted and the defect morphology evolution is quantified during post-

processing. Fig. 5.1 depicts a flowchart for the three modules and their connections.
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5.2.1 Micro X-ray computed tomography (µXCT)

Global-scale AM characterization necessitates efficient and accurate acquisition of the 3D

morphological data of defects. A tomographic scan is performed to acquire projection im-

ages of the object from different viewing angles. In this work, full view construction is first

performed in µXCT characterization of the binder jetted samples. To reduce the data acqui-

sition time, we also explore fast tomography, in which a hierarchical synthesis convolutional

neural networks (HSCNN)-based reconstruction algorithms is used to enhance the imaging

quality from sparse-view CT, as illustrated in Fig. 5.1. Implement detail related to HSCNN

algorithm is discussed in Chapter 2.

5.2.2 Automated 3D morphological analysis for pore morphology

parameterization

To register the defects and parametrize their 3D morphology, the raw voxel-based 3D data

from µXCT ( ∼2 GB) is processed using computer vision algorithms. First, the voxel

brightness distribution is sorted and fit to an expectation function of a bimodal Poisson

model [150], where the mean brightness of the expectation function is set to be consistent

with the density of the measured sample. This step removes unevenness from background

illumination. Second, an adaptive segmentation algorithm is implemented to differentiate

low-density regions (pore or binder domains) from high-density regions (metal) [151]. This

step binarizes the gray-scale images to reduce the data size by three orders of magnitude

(from 2 GB to 400 MB). Last, each potential pore region is identified from the 3D binary

data using connectivity analysis, and the target regions are extracted and cross-referenced

with the gray-scale dataset. If the potential pore is well padded (i.e., surrounded by a gradual

transition region), it will be considered as a true pore and will be registered. Otherwise, it
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will be considered as an artifact and ignored. The output of this step is a full list of registered

pores, which will be stored as connected voxel clusters.

The registered 3D pores are then parametrized to form a morphology data pool F , which

are registered with the variables summarized in Table 5.1. For each pore, we first register

the volume v based on the number of voxels and then register the surface area s by fitting

the pore surface with triangular meshes [47]. The pore shape and orientation are determined

based on ellipsoidal representation. Such geometrical approximation allows us to register the

principal axis length (a, b, and c), the axis orientation (θ and ϕ), the centroid location (xo,

yo, and zo), and the bounding box size (x, y, and z) of each pore. Finally, we characterize

the pore solidity using convex hull. The convex hull of a closed region is the smallest convex

set that contains the region. The volume of each convex hull is recorded as vhull. The

corresponding solidity can be measured by the ratio between the actual volume and convex

hull volume: v/vhull. Solidity effectively characterizes the pore shapes in terms of convexity,

which quantifies ratio of concavities of a shape in comparison to its convex bounding hull

volume. High solidity means the volume is more convex and low solidity means there are

more concave boundaries. For a spherical pore, the actual volume is the same as the convex

hull volume and the solidity is 1. For a pore resulting from a network of multiple narrow

particle gaps, the convex hull volume is much larger than the actual volume, and the solidity

is much smaller than 1. The holistic morphology data allows for statistical analysis of pore

size, eccentricity, and orientation distributions.

Table 5.1: Registered pore morphology variables

Elliptical representation Voxel & Mesh fitting Convex hull
Centroid
coordi-
nates

Orientation
Principal
axis
lengths

Bounding
box size Volume Surface

area Volume

xo, yo, zo θ, ϕ a, b, c x, y, z v s vhull
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5.2.3 Principal component analysis and clustering analysis

Morphology parameterization of all pores in the entire specimen allows for objective feature

selection without sampling bias using big-data analytical tools. In this module, we aim to

find the key descriptors that most efficiently represent the morphology variations among

the pores, and characterize the pore evolution within the key descriptor domain through

principal component analysis (PCA) [152].

Formally speaking, given the N morphology parameters for M pores, we register the N×M

matrix F = fij, i = 1,…N, j = 1,…M to establish a pore morphological feature library. The

PCA method generates the uncorrelated orthogonal basis set P = Pi, i = 1,…N—the prin-

cipal components, where each Pi is a linear combination of the N feature variables in F.

Selecting the first few Pis allows for the optimal preservation of the morphology differences

with a reduced representation. The reduced PC domain provides a natural basis to describe

the morphology evolution of pores.

Finally, we categorize the pores into different morphological groups by identifying clusters

that are maximally separated in the reduced PC domain. This is achieved through the Gaus-

sian mixture model (GMM) clustering [153, 154], which fits the dataset into multi-variate

normal components that maximize the component posterior probability. The optimization

algorithm involves iteratively updating cluster centroid, covariance matrices, and mixing

proportion, and assigning data points to the clusters with the maximum expectation [155].

As compared to other clustering methods such as k-means [156], GMM clustering provides a

universal framework that allows us to compare different clustering numbers and covariance

structures. Two information criteria are employed, Akaike information criterion (AIC) and

Bayesian information criterion (BIC) [157], to evaluate the effectiveness and accuracy of the

clustering models. Here we employ the minimization of AIC and BIC to choose an adequate
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clustering model that represents the dataset without exceeding complexity. This analy-

sis enables quantification of the major trend of global defect evolution based on objective,

data-driven approaches.

5.3 Results and Discussion

5.3.1 Material and experimental setup

Copper samples were additively manufactured using binder jetting, followed by several post-

processing steps. The copper powder used in this study was spherically shaped featuring a

bimodal diameter distribution with peaks at 5 µm and 30 µm. The two types of powders were

mixed in the ratio of 27:73 by weight using a low energy ball mill for � 2 hours. Binder jetting

additive manufacturing was conducted using an ExOne R2 3D printer at a layer thickness

of 70 µm. Standard binder PM-B-SR2-05 provided by ExOne was used at a 100% binder

saturation value. More details of the AM parameters were elaborated elsewhere [158, 159].

The green copper sample consisted of two phases: loosely packed copper particles and nu-

merous binder domains [160]. The first step in post-processing was de-binding, which was

carried out at 450 °C (53% melting temperature of copper) for 0.5 hour in a reducing hy-

drogen environment. The second step was sintering, which was carried at 1075 °C (99%

melting temperature of copper) for 3 hours in the same environment. The third step was

hot isostatic pressing (HIP), which was carried out at 1075 °C under an argon pressure of

206.84 MPa for 2 hours. Three experiments were performed under the same binder jetting

conditions but were stopped at different steps of post-processing. Experiment 1 involved

no post-processing; Experiment 2 involved de-binding and sintering; Experiment 3 involved

de-binding, sintering, and HIP. The three corresponding samples were labeled as ‘green’,
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‘sintered’, and ‘HIPed’ respectively.

For each copper sample, the 3D defect morphology was scanned using a laboratory-based

micron-scale X-ray tomography platform (ZEISS Xradia Versa 520, Carl Zeiss X-ray Mi-

croscopy Inc., Pleasanton, CA) with a macroscopic volume of 2× 2× 2mm3. Tomographic

scan is implemented with the voltage of 160 KeV and the current of 200 µA. In the full-view

configuration, 3201 projections are performed for high-quality reconstruction, which takes

around four hours. For sparse-view tomography, only 201 projection images were scanned

for each sample with the same operating parameters. The sparse-view scan took around

15 minutes, approximately 16 times of reduction compared to full-view experiment. For

sparse-view reconstruction, the HSCNN algorithm is performed to improve reconstruction

quality. We crop 1740 patches with the size of 256× 256 pixels randomly from the first 100

sparse-view reconstructed images and corresponding full-view reconstructed images as the

network datasets; 80% are used for training, and the rest are used for testing. The training

of the network is implemented on MATLAB 2018b (Mathworks, Natick, MA, USA). The

trained network is then used to enhance the rest, untrained slices by translate each patch

in the new slice into the enhanced output. These output patches are stitched accordingly to

retrieve the reconstruction result. The processor is Intel Core i7-6700K, the memory is 32

GB, and the GPU is one NIVIDIA GeForce GTX 960 card. In this configuration environ-

ment, it takes about 6 hours to train samples over the network for one type of data. Once

trained, it takes around 4 seconds for the translation of one full slice.

All the post-processing, including the Automated 3D morphological analysis for pore mor-

phology parameterization, Principal component analysis, and clustering analysis, were per-

formed on MATLAB 2018b (Mathworks, Natick, MA, USA).
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5.3.2 Sparse-view X-ray tomography reconstruction via HSCNN

Figure 5.2: Results of the µXCT imaging in 2D and 3D representation, and pore extraction.
Slices of cropped region with different magnification are shown for the green, sintered, and
HIPed samples, respectively. and pore extraction. Slices of cropped region (1st row) are
shown for the green, sintered, and HIPed samples, respectively. 3D volumetric renderings
are shown for (2nd row) raw µXCT reconstruction, and (3rd row) extracted pores only,
respectively.

The µXCT reconstruction results are shown in Fig. 5.2 as 2D slices and 3D volumetric

renderings for the green, sintered, and HIPed samples. It should be noted that the pores

are filled with binder in the green sample but are not in the sintered and HIPed samples.

For convenience, in all the cases we use ‘pore’ to refer to the space that is not filled by
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copper, regardless of whether it is filled by the binder. The morphology evolution of the

Figure 5.3: Fast tomography reconstruction for the green sample. The left column figures
((a), (d), (g)) represent the sparse-view reconstruction results. The middle column figures
((b), (e), (h)) represent the ground truth from the full-scan reconstruction. The right column
figures ((c), (f), (i)) represent the high-fidelity reconstruction through deep learning based
on sparse-view reconstruction. The 1st, 2nd, and 3rd row show the original gray-scale
reconstruction results, the corresponding segmentation results, and the corresponding pore
extraction results, respectively.

pores can be identified from the reduction of porosity and pore sizes. In the green state,

there are numerous pores, which are generally elongated, irregularly shaped, and in some

cases highly interconnected. Quantitative analysis confirms that the percentage of such

reticulated defects make up over 90% of the relative pore volume fraction. After burn-out

of the binders and sintering, the part has significantly increased its density, and network-
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like interconnected pores are seen to break up into a large number of more isolated pores

(from 22, 912 in green sample to 54, 739 in sintered sample). After the final post-processing

stage (HIPed), many small pores disappear, leading to reduction in the total number of

pores (40, 018 in HIPed sample). The mean pore size is decreasing during this process (from

20, 322µm3 in the green sample to 14, 593µm3 in the sintered sample, and to 4, 842µm3 in

the HIPed sample). A change of the pore shape is also observed—the pores become more

spherical, which is reflected in the increase of solidity (from 0.6532 in green to 0.6840 in

sintered sample, and to 0.7026 in the HIPed sample). Overall, after each post-processing

step, it is evident that the pores become smaller in size. It is also observed that the smaller

pores are generally more spherical and closed in shape.

The effectiveness of the fast X-ray CT algorithm is demonstrated for the green sample.

Fig. 5.3 shows a comparison between (1) the sparse-view reconstruction (based on 201 pro-

jections), (2) the full-view reconstruction (based on 3201 projections), and (3) the corre-

sponding enhancement using the HSCNN algorithms discussed in Section 2. Clearly, the

blurring and streak artifacts shown in the sparse-view reconstruction have been effectively

removed. Validation on a number of slices also proves that the pore registration results

from the enhanced sparse-view reconstruction (i.e., the 3rd column) are very close to that

from the full-view reconstruction (i.e., the 2nd column). Quantitatively, the MSE between

sparse-view reconstruction result (Fig. 5.3 a) and the ground truth reconstructed from

full-view CT (Fig. 5.3 b) is 0.0073. This error is reduced to 0.0030 (Fig. 5.3 c), while

the SSIM increases from 0.5439 to 0.7407 with the HSCNN algorithm. We also compared

the 2D porosity fraction and pore size results based on extracted pores of these three slices

(Fig. 5.3d-f). While the total porosity of the three slices are obtained as 33.08%, 33.52%

(ground truth), and 33.44% for sparse-view and full-view reconstruction using traditional

FBP algorithm, and sparse-view reconstruction from HSCNN algorithm, respectively, the
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distribution of pore sizes is more accurately captured with HSCNN. There are 320 pores

in the sparse-view reconstruction result (Fig. 5.3 d), 112 pores (ground truth) in the full-

view reconstruction (Fig. 5.3 e), and 115 pores in the sparse-view reconstruction with

HSCNN algorithm (Fig. 5.3 f). The mean pore area of these three slices are 931 µm2,

2696 µm2(ground truth), 2619 µm2, respectively. These quantitative comparisons indicate

the reliable and efficiency of HSCNN algorithm for sparse-view CT reconstruction. With

reduction in the number of projection measurement by a factor of 16, we have been able

to obtain the high-resolution CT scan within 15 minutes, as compared to 4 hours of data

acquisition in full-view reconstruction.

While the developed fast tomography method for enhanced sparse-view reconstruction works

well for the green sample, the performance is less impressive for the sintered and HIPed

samples. The spherical shape of the as-printed particles provides a strong prior structural

feature for the fast tomography reconstruction for the green sample, but this feature becomes

substantially weaker after sintering and HIP as individual particles are merged through

surface diffusion. In the following analysis, therefore, the fast tomography approach is used

for the green sample, whereas the full-view tomography approach is used for the sintered

and HIPed samples.

5.3.3 Morphological and statistical analysis results

The collected X-ray imaging data of copper samples is processed to yield a total pore num-

ber of 117,669, including 22,912 pores in the green sample, 54,739 in the sintered sample,

and 40,018 in the HIPed sample. Pore morphology is parameterized for all pores using the

approach elaborated in Section 5.2.2. Based on the pore morphology database, a statistical

analysis is implemented. The porosity of the green, sintered, and HIPed sample is measured
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Figure 5.4: Statistical analysis results for the pores in the green, sintered and HIPed samples
respectively. (a) The porosity fraction distribution of pore size (represented by the pore
volume). Note that the singularity peak on the right represents a large interconnected pore
in the green sample. Also shown is a ‘zoom-in’ view of the porosity fraction distribution
without the singularity peak. (b) Definition of the azimuth angle ϕ and the altitude angle
θ. (c) Cumulative probability distribution of the pore number density. (d) Probability
distribution of eccentricity. (e) Probability distribution of the altitude angle �.

as 37.90%, 3.43%, and 0.89%, respectively. This 3D pore analysis is consistent with mea-

sured the density of the samples via the conventional Archimedes method for the sintered

and HIPed samples, which are 94.5% and 99.07% of density, respectively. Fig. 5.4 (a) shows

the evolution of pore size distribution, which consistently shifts to the smaller side (left)

from the green sample to the sintered and to the HIPed sample. Notably, the green sample

features a singular, massive interconnected void that is shown as a single bar on the far right

in the histogram plot. Originating from the pore network interconnected throughout the

entire sample, the giant defect accounts for 35% of the total pore volume. After sintering,

this massive singular defect breaks up into a large number of smaller pores. We will use

the machine learning analysis to further quantify pore decomposition to identify correlated
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morphology changes in addition to the volume reduction (Section 5.3.4). Fig. 5.4 (c) plots

the distribution of pore number density (calculated as the number of pores per 1×10−3mm3)

based on cumulative probability to evaluate the randomness of spatial distribution for the

pores. For randomly distributed pores, the volumetric density distribution should follow

Poisson’s distribution. When comparing the detected pore number density (dotted lines) to

the Poisson’s distribution (dashed lines), the sintered and HIPed samples demonstrate good

fitting, indicating that pore size distribution in these two samples is approximately random.

The density distribution of the green sample significantly deviates from the Poisson’s distri-

bution, which is likely due to the influence by the printing trajectory. Fig. 5.4 (d) plots the

evolution of pore eccentricity, el, which is defined as the ratio of the longest principal axis

to the equivalent radius. Going from the green to the sintered, and to the HIPed sample,

a left-ward shift of the curve is observed, indicating less eccentric, or more spherical, pore

shapes after post-processing.

The orientation of each pore is defined as the direction along the longest axis of the ellipsoid.

As shown in Fig. 5.4 (b), the 3D orientation is represented by the altitude angle θ (the angle of

the orientation vector with respect to the vertical axis or the build direction) and the azimuth

angle ϕ (the angle of projected orientation vector on the horizontal plane with respect to the

reference of x axis). A small altitude angle θ close to 0◦ indicates that the pore is vertically

orientated, while θ ∼ 90◦ represents a pore that is flat on the horizontal plane. The registered

data of the altitude angle and azimuth angle is statistically analyzed. Fig. 5.4 (e) compares

the distribution of the altitude angle θ among samples at different post-processing stages. In

the green sample, the altitude angle appears to distribute randomly between 90◦ (i.e., within

the print layers) and 0◦ (vertical to the print layers), without obvious orientation preference.

However, in both sintered and HIPed samples, it is observed that the pore orientation is

more closely aligned with the printing plane, as evident by the distribution peaks at 90◦.
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The apparent difference of the pore orientation between the green and the post-processed

samples may stem from the particle rearrangement during sintering, in which more particles

fall down and shrink the pores along the vertical direction. Note that there is no evidence

of gravity playing a role in the large-scale heterogeneity of the pore distributions in the

sample, it is only observed locally that particles tend to fall closer vertically than move closer

horizontally under the influence of gravity. This gravity-influenced particle rearrangement

has been observed in similar granular systems as well and is likely to be responsible for the

anisotropy of pore orientation after sintering [161]. As a result, the pores are more likely to

be flattened out on the horizontal plane with larger altitude angles. The altitude anisotropy

is not significantly altered after the HIP process, which can be attributed to the application

of isotropic pressure.

5.3.4 Quantitative pore evolution analysis using machine learning

Principal component analysis

The first step in analyzing global defect evolution is to extract the key morphological descrip-

tors for the pores. These key morphological descriptors enable quantitative representation

of the pore morphology with reduced dimensions. To implement the PCA analysis, the mor-

phology data in Table 5.1 is re-scaled to yield a normalized dataset. This standard procedure

improves the numerical stability and avoids the emphasis on certain variables with extreme

values, and is commonly used [162].

The PCA analysis results are shown in Fig. 5.5(a)&(b). It can be seen that the combination

of volume and eccentricity is of primary importance to PC1 and PC2, which account for 55%

and 24% of the explained variance respectively. Interestingly, PC3 (12% of the explained

variance) almost entirely consists of the altitude angle. This indicates that the inclination
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Figure 5.5: Principal component and clustering analysis results. (a) The first four principal
components shown as weight of the linear combinations of the eight morphology parame-
ters. (b) Explanation level of each principal component. The first four PCs explain around
97% variance in the original morphological data. (c) Examples of representative pores in
each group and (d) four identified pore groups shown in the three-dimensional PC domain.
Quantitative evolution of (e) pore number fraction and (f) relative volume fraction for the
four pore groups

angle is uncorrelated with other morphological features. Overall, decomposition into the

first four PCs accounts for 97% of the explained variance, or morphology differences, of all

the registered pores, whereas the trailing principal components represent the morphological

features of the pores that stay unchanged during the post-processing. For the purpose of

pore evolution analysis, we focus on the leading PC to describe the most salient changes.

The following analysis is based on the reduced 4-PC representation.
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Clustering analysis

After PCA, clustering analysis is implemented in the reduced 4-dimensional PC space using

GMM clustering. To determine the optimal cluster number, such analysis has been performed

for scenarios of various cluster numbers (with cluster number of 1 to 8). The clustering

results are evaluated by two information criteria, AIC and BIC. It is found that the best

classification with the smallest intra-cluster covariance is achieved at the cluster number of

4. In other words, the detected pores in all three binder jetted copper samples are best

categorized into four morphological groups.

For visualization, the clustered data points are plotted in the 3D space spanned by PC1,

PC2, and PC3 in Fig. 5.5(d). For the subspace defined by each cluster, the data points at

the center of the subspace represent the typical morphology of the corresponding pore group.

Fig. 5.5(c) shows the typical 3D pore morphology for each of the four groups, which can be

interpreted as:

• Group 1: quasi-spherical pores. These pores are predominately classified by their small

volume (0.32±0.39 e4 µm3), low eccentricity (el:1.51±0.21,em:0.97±0.10,es:0.70±0.09),

high solidity (0.76±0.13), high volume ratio (0.35±0.13), and absence of sharp edges

or extrusions. Pores meeting these classification criteria are the most numerous in the

detected samples.

• Group 2: small elongated pores (volume: 0.97±0.41 e4 µm3) with high solidity (0.51±0.13).

These pores are characterized by eccentric structures but without significant extru-

sions, which results in high solidity (el:2.13±0.19,em:0.84±0.10,es:0.57±0.06).

• Group 3: large elongated pores (volume: 3.61±0.52 e4 µm3) with low solidity (0.36±0.12).

These pores are usually elongated, displaying a lot of extrusions and necking that result

in low solidity (el:2.55±0.27,em:0.77±0.09,es:0.52±0.06).
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• Group 4: reticulated defects (volume: 5.56±1.58 e4 µm3, solidity: 0.33±0.12). Char-

acterized by a tortuous, network topology, these defects are composed of large packing

voids that are interconnected. The average volume of these defects is larger than that

of any previous group (el:1.63±0.19,em:1.05±0.13,es:0.59±0.09).

Quantitative evolution of the pore morphology

We next use the clustering basis to quantify pore morphology evolution in Figs. 5.5(e) and (f)

to present the quantitative evolution with respect to pore number fraction and relative pore

volume fraction (given pore volume/total pore volume). In terms of pore number fraction,

Group 1 pores are of the largest number in all stages (green, sintered, or HIPed), as shown in

Fig. 5.5(e). In terms of relative pore volume fraction, however, the weight of each pore group

changes significantly during the post-processing stages, as shown in Fig. 5.5(f). We observe a

steady reduction of the reticulated defects (Group 4) throughout the post-processing stages.

In the green sample, the reticulated defects make up over 90% of the relative pore volume

fraction, despite being less than 10% of the pore number fraction. The relative pore volume

fraction of the reticulated pores decreases to 42.3% after the sintering, and further decreases

to 20.5% after HIP. The reduction of the reticulated pore is accompanied by the steady

increase of the quasi-spherical pores (Group 1), from 4% relative volume fraction in the

green sample to 25% in the sintered sample, and to 48% in the HIPed sample. Overall,

during post-processing of binder jetting the main source of porosity shifts from Group 4

(>90% relative pore volume fraction in the green sample) to Group 1 pores (48% relative

pore volume fraction in the HIPed sample). On the other hand, the behavior of Group 2

and Group 3 pores is not characterized by a simple trend, involving an increase of number

fraction and relative volume fraction by the sintering process, and then a decrease of number

fraction after the HIP process.
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5.3.5 Physical insights from data analytics

The data analytical results in section 5.3.4 provide quantitative physical insights into pore

evolution during the post-processing of binder jetting. Initially, the binder infiltrates among

the loosely packed particles, forming large and mostly interconnected gaps. The green sam-

ple is observed with a high porosity of 37.90%, which is predominately a result of these

reticulated defects. The reticulated defects (Group 4) consist of tortuous, interconnected

voids, and typically contain multiple narrow regions among particles in contact. During sin-

tering, neighboring particles form neck structures at the contacting locations as a result of

densification diffusion. The growth of the neck structure brings the particles closer together

with overall pore shrinkage [163]. At the same time, neck growth of the particle contact can

lead to breakup of the interconnected pores and future decomposition of large pores, result-

ing in more discontinuous pores that belong to Group 2 and Group 3. The pore shrinkage

and pore breakup explain the increased number and average size of Group 2 and Group 3

pores after the sintering step, despite the overall shrinkage of pore sizes. It is also observed

that the orientation of the pores favors the horizontal direction after sintering, indicating

that a greater degree of shrinkage occurs along the vertical direction. This anisotropy is

considered to be a result of particle rearrangement under the influence of gravity during sin-

tering. These findings are consistent with previous studies based on the 2D characterization

of pores [131, 161, 164].

During the final stage of HIP, the pore morphology is observed to favor isolated and ge-

ometrically regular pore classifications (Groups 1 and 2). These results can be explained

by the continuation of particle neck growth via surface diffusion, which is accelerated by

the isostatic pressure during HIP. Intense, isotropic diffusion during HIP introduces future

decomposition of large pores into small pores with high solidity. At the same time, it also

smooths the pore shape and further reduces the pore size. As a result, the solidity continu-
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ously increases and eccentricity decreases during HIP, i.e., pores become steadily smoother

and more isotropic. The orientation of the pores remains largely unchanged during the HIP

process, suggesting that gravity is no longer influential in the presence of isostatic pressure

from all directions. At the final stage of pore evolution, small quasi-spherical pores may

shrink below the threshold of µXCT detection or completely close up, leading to the sub-

stantial reduction of pore number at the end the post-processing. These pore morphology

evolution mechanisms are illustrated in Fig. 5.6.

Figure 5.6: Pore morphology evolution mechanisms during the post-processing of sinter-
ing and HIP in binder jetting. The blue, red, yellow and green colors represent the four
pore evolution patterns of 1) pore segmentation due to densification of loose particles, 2)
decomposition of interconnected pore due to neck growth, 3) pore shrinkage and 4) pore
smoothing.

5.4 Conclusion

To summarize, we have presented a new inspection pipeline to characterize the defect evo-

lution in post-processing of binder jetting. Through the integration of fast tomography,

3D morphology analysis and machine learning, we demonstrate a pathway toward efficient

acquisition of holistic defect information and robust morphological representation.
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For future work, the presented inspection pipeline can be improved in several aspects. The

framework can be validated with porosity data from other established methods, so that the

accuracy and traceability can be quantified. The resolution of the µXCT tomography can

be improved to the sub-µm level, to include small pores and resolve sharp peaks at the

boundary of the pores. More effective deep learning algorithms can be developed for fast

tomography to reduce the data acquisition time. More advanced data analytical tools can

be incorporated, e.g., to better represent the topology of network defects, and to include the

potential interaction of adjacent pores.



Chapter 6

Conclusions and Future Work

6.1 Conclusions

In this thesis, data-driven based deep learning algorithms are utilized to improve the recon-

struction results from the image and measurement domains to improve fast tomography with

reduced training data. The developed algorithms are applied for image reconstruction and

data-processing for different cases combined with advanced computer vision-based image

analysis and machine learning-based big data processing. To summarize:

Chapter 2 introduces the hierarchical synthesis CNN (HSCNN), which is a knowledge-

incorporated data-driven tomographic reconstruction method for sparse-view tomography

with split-and-synthesis approach. The learning scheme is robust against sampling bias and

aberrations introduced in the forward modeling. This proposed learning-based method in-

forms the forward model biases based on data-driven learning but with reduced training data

size.

Evaluation on both numerical simulated and experiments was conducted to demonstrate the

feasibility of the proposed method. High-fidelity X-ray tomographic imaging reconstruction

results are achieved with a very sparse number of projection angles. Comparison with both

conventional non-learning-based algorithms and advanced learning-based approaches shows

improved accuracy for our method. We also prove the importance of splitting strategies

110
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by showing the reconstruction results from different splitting methods. As a result of the

split-and-synthesis strategy, the trained network is transferable to new cases.

Chapter 3 presents a deep learning-based enhancement method, HDrec, for low-dose tomog-

raphy reconstruction via a hybrid-dose acquisition strategy composed of extremely sparse-

view normal-dose projections and full-view low-dose projections. The training is applied on

each individual acquisition without the need of additional high-fidelity tomographic scans.

Evaluation on two experimental datasets under different hybrid-dose acquisition conditions

show significantly improved structural details and reduced noise levels compared to uniformly

distributed acquisitions with the same number of total dosage. The resulting reconstructions

also preserve more structural information than reconstructions processed with conventional

analytical and regularization-based iterative reconstruction methods from uniform acqui-

sitions. In addition, we provide a strategy to distribute dosage smartly with improved

reconstruction quality. When total dosage budget is limited, the strategy of fewer normal-

dose projections in combination with not-too-low full-view low-dose measurements greatly

outperforms the uniform distribution of the dosage.

Chapter 4 applies the proposed data-driven X-ray tomographic imaging reconstruction tech-

niques, HSCNN in chapter 2 and HDrec in chapter 3, to dynamic damage behaviors charac-

terization in the cellular materials, which has the potential to improve the data acquisition

speeds to record internal structure changes. A quantitative dynamic damage evolution char-

acterization pipeline is then proposed in the local and global scales after the proposed fast

tomography reconstruction algorithms to reduce labor of manual-labelling, including:

1. Deep learning-based algorithms for damage feature detection in the local and global

scales to reduce labor of manual-labelling,

2. Computer vision-enabled 3D structural analysis of the cellular microstructure,

3. Autonomous multi-scale damage structure analysis by correlating to the cellular mi-
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crostructure.

Deep learning-based algorithms are implemented to recognize damage features in different

scales. A quantitative 3D cellular network analysis pipeline is developed for a multi-scale

structural representation and quantification of biological cellular materials. New understand-

ings are developed regarding registered damage regions with this developed quantitative

analysis framework.

Chapter 5 implements the proposed data-driven X-ray tomographic imaging reconstruction

techniques, HSCNN in chapter 2, to unravel pore evolution in the binder jetting printed

materials. Through the integration of 1) fast tomography reconstruction techniques HSCNN,

2) automated 3D morphology analysis, and 3) machine learning-based big data analysis, we

present a pathway toward efficient acquisition of holistic dynamic defect evolution with a

robust morphological representation. X-ray computed tomography and automated computer

vision result in a holistic defect morphology database for the inspected macroscopic volume,

based on which machine learning analysis is employed to reveal quantitative insights into

the global evolution of defect characteristics beyond qualitative human observation.

We demonstrate this pipeline by examining the global-scale pore evolution in post-processing

of binder jetting additive manufacturing, from the green state,to the sintered state, and to

the hot isostatic pressed state of copper. The pipeline is shown to be effective at detecting

and processing the information associated with a large number of pores in macroscopic

volumes. The subsequent principal component analysis and clustering analysis extract the

key morphological descriptors and categorize the detected pores into four morphological

groups. Through this quantitative defect evolution characterization, including the weight of

pore morphology parameters, and the pore number and volume fraction of each categorized

group, new understandings are developed regarding the effects of sintering and hot isostatic

pressing on pore decomposition, shrinkage, and smoothing during post-processing of binder
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jetting.

In conclusion, this thesis proposed two different data-driven tomographic imaging techniques

to achieve fast X-ray tomography for 4D material characterization applications with reduced

training data. Proposed HSCNN algorithm improves reconstruction quality for insufficient

measurements by incorporating prior knowledge of the physics models. HDrec algorithm

reduces the acquisition time and dosage by smartly distribute the photon budget between a

few high-fidelity projections and a full-view set of low-dosage projections. The applications

for two different 4D material characterization demonstrate the advantages based on these

proposed tomographic imaging techniques, which provide high-quality reconstructed volume

with fast acquisition speed for analysis.

6.2 Future work

Several interesting studies could be continued based on presented methods in this thesis,

which could be briefly summarized as follows:

1. Following chapter 4, in situ tomographic scan with hybrid-dose techniques will be imple-

mented to study the dynamic damage evolution process in the sea urchin spine structure.

Detailed implementation plans are discussed in section 4.3.1.

2. Following chapter 3, HSCNN network could be used as the basic network structure to

learn the denoise model in the future to include the prior information in the measurement

domain to further reduce the requirement of low-dose projection measurements.

3. Continuing chapter 4 and chapter 5, where we applied the proposed tomographic recon-

struction techniques and quantitative image analysis framework to two different 4D dam-

age/defect characterization problems. These approaches also provide the possibilities for
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many other material characterization applications, including studying damage evolution un-

der different loading conditions for porous structural materials, defect evolution during sin-

tering or solidification in other metal additive manufacturing materials, investigating liquid

dynamics through a constriction, and etc.

4. Following chapter 2 and chapter 3, model-driven based tomographic reconstruction could

be explored to further speed up the acquisition, which could provide more continuous mea-

surements compared to data-driven framework.

5. Continuing the quantitative results evaluation framework in the thesis, a quantitative

comparison with other material characterization methods for each application could be added

to demonstrate the efficiency of our proposed methods, such as comparison the network

representation results for sea urchin spine structure, pore analysis results for binder jetting

printed materials with commercial software avizo.

In conclusion, this thesis provides the strategies to characterize dynamic evolution processes

for different materials in terms of experimental data acquisition, tomographic image recon-

struction and 3D image analysis.
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