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Abstract
Through layerwise deposition, additive manufacturing (AM) allows previously
unmanufacturable geometries such as organic looking structures and complex internal
geometries to be produced. Utilizing these advantages, performance improvements can be gained
through techniques such as topology optimization, lattice structures, and part consolidation.
Continued improvement of the AM process has shifted the focus of AM to end-use components.
Qualification is a key step in enabling AM as an end-use manufacturing method, and the industry
has turned to Computed Tomography (CT) as a tool in this process. Although well suited for
complex components a few centimeters in size, CT struggles as AM components exceed a meter
in length due to limited source energy, restrictive inspection volumes, and excessive data
generation. This work proposes Digital Radiography (DR) as a non-destructive inspection
method capable of accurately inspecting AM components approaching and exceeding a meter in
length. To both expedite the inspection process and make DR a feasible inspection technique, an
application, SMART DR was developed to optimize component orientation during the inspection
process and provide the probability of detection for flaw sizes of interest prior to manufacturing.
By providing this information, SMART DR allows for an inspection plan to be developed or the
necessary design changes to be made to ensure that a component can be accurately inspected.
SMART DR utilizes a ray trace algorithm for orientation optimization and experimental
data along with theoretical relationships to determine a flaw’s probability of detection. A
parallelized back projection algorithm utilizes a virtual representation of the user’s DR system
and a STL representation of the component in question. By projecting the STL facets to the
detector and back tracing the X-rays from the detector pixels to the source, the radiographic
thickness of the component can be calculated efficiently. To determine the optimal orientation
iii

for inspecting the component, the back-projection algorithm is coupled with a genetic
optimization scheme to minimize the radiographic thickness of the component. The probability
of detection metric is based off of the contrast-to-noise ratio and normalized image unsharpness.
Due to limited information on high energy DR in the literature, an experimental plan was
created to aid in determining the contrast to noise ratio for source energy between 0.450 Mev to
12 Mev and thicknesses from 25.4 mm to 203.3 mm (1 in. to 8 in.). Square Ti-6Al-4V blocks
76.2 mm (3 in.) wide with cylindrical artificial flaws were used during the experiment. The
contrast-to-noise ratio was then measured across each flaw based on ASTM standard E2597
while the normalized image unsharpness was determined based on ASTM standard E2698.
Combining these two metrics allow for determining a flaw’s probability of detection for a wide
range of flaw sizes, DR systems, and component thicknesses. Validation was conducted on a
316-stainless steel fin produced using laser based directed energy deposition process. A 0.450
Mev DR system with a 2.5mm spot size and a GE DXR250U-W digital detector array were used
during validation. SMART DR produced an optimal orientation that was 40mm thick and
predicted that a 0.75 mm diameter flaw with length 0.400mm, .800mm, or 1.60 mm had
probability of detection of 91%, 20.7% and 21.7%, respectively. This aligned closely with the
smallest detectable flaws on the radiographs of the 316-stainless steel fin, which were 0.508 mm
and 0.764 mm. Initial validation results showed that SMART DR is capable of optimizing the
DR process and providing accurate probability of detection values within the bounds of the data.
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Chapter 1 Introduction
1.1 Motivation
Since its inception, additive manufacturing (AM) has promised to revolutionize how we
design and manufacture products. By producing components in a layer-by-layer fashion, AM
reduces complex geometry to a series of two-dimensional layers, enabling the production of
components with complexity not possible or too expensive to manufacture by conventional
methods. Up until recently, AM has mostly found use in rapid prototyping and tooling
applications where AM is used to produce functional prototypes, tools and molds [1]. For
example, Sachs et al. [2] demonstrated how conformal cooling channels can be manufactured into
injection mold inserts, allowing precise temperature control of both the core and cavity inserts.
This has several benefits such as reduced cycle time and increased mold longevity [2]. By only
utilizing AM to produce tooling, the full benefit of AM cannot be fully realized because these
applications are still constrained by traditional manufacturing methods.
Recent technological advancements along with deeper understanding of the AM process has
shifted interest to producing end-use components through AM. The full extent of AM’s
capabilities such as topology optimization, functionally graded materials, and part consolidation
are possible when designing an end-use component directly through AM. Using AM to reduce
the number of components in complex assemblies not only reduces the weight and failure points
of a system but also leads to increases in performance. For instance, Schmelzle et al. [3]
demonstrated this by additively manufacturing a hydraulic manifold used to test the drag strut
retract actuator of the V-22 Osprey by AM. The total number of components was reduced from
17 to one, and overall weight reduction of 60% was achieved along with a height reduction of
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53% [3]. Furthermore, improved flow characteristics where attained through the elimination of
abrupt flow changes and connection points typical of manifolds produced by traditional means.
These success stories along with many others, [e.g. 4-5], are beginning to build confidence in
AM as a production-ready manufacturing process.
Qualification of AM components has been identified as a critical roadblock to realizing AM
as an end use manufacturing method by the National Institute of Standards and Technology
(NIST) in their Measurement Science Roadmap for Metal-based Additive Manufacturing [6]. Of
particular concern with AM part qualification is the detection of flaws created during the
deposition process. A mainstay of AM is being able to precisely control the deposition of
material during the manufacturing process. This control allows for extremely complex internal
and external geometries to be created, but small perturbations during the building processes can
lead to flaws or defects within the component.
Defects within AM components take two main morphologies: (1) porosity and (2) lack of
fusion defects [7]. Porosity defects, which are typically created during solidification from
absorbed gas species, consist of spherical flaws that can be homogenously or heterogeneously
distributed throughout the built material. Lack of fusion defects are introduced by suboptimal
processing parameters and occur due to incomplete melting either between or within a layer.
Flaws can lead to a reduction of mechanical properties and reduced component life. Determining
the presence or lack thereof of these flaws is necessary to qualify AM components for end-use
applications.
Because initial applications of AM focused on form and fit prototyping that did not require
stringent performance requirements, inspection techniques for AM components are a relatively
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nascent subject [6]. Many non-destructive inspection (NDI) techniques have been established for
the detection of subsurface defects. Techniques such as eddy current and ultrasonic are used
extensively in the aerospace industry to inspect welds for similar flaw types found in AM [8].
The issue with eddy current and many of the other subsurface NDI techniques, in reference to
AM, is that they only probe a few millimeters into the bulk material. While this is sufficient for
surface related defects, these techniques are not sufficient to probe the complex internal
geometries typically associated with AM [9].
Because of this, industry has turned to radiography, more specifically Computed
Tomography (CT), for the inspection of AM components [10]. CT utilizes X-rays to probe the
entire thickness of the component over multiple imaging orientations. From these orientations, a
complete three-dimensional reconstruction of the AM component is produced, with all internal
and external features. This reconstruction can be analyzed for dimensional accuracy, flaws, and
many other characteristics within the entire bulk material. CT’s holistic approach has made it one
of the leading NDI techniques for the qualification of AM components.
Despite all of the benefits attributed to CT, several drawbacks exist such as small inspection
volumes, excessive data generation, and limited X-ray penetration depth [9]. Up until recently
this has not been an issue because the components being produced by AM were of a size and
complexity that did not exceed the boundaries of CT. The continued advancement of AM has led
to the production of components on the scale of multiple feet [11]. These components are not
well suited for CT inspection due to their size and sometimes material. A need has arisen within
the AM community for NDI techniques that allow for the rapid and efficient inspection of large
AM components. These techniques need to be able to probe the internal features of a component
and be applicable over a range of materials and thicknesses.
3

1.2 Objective and Overview of the Approach
In this work, a tool named SMART DR has been developed to assist in the inspection of
large AM components. The objective in this work is to optimize the DR inspection process for
large AM components by providing optimal radiographic orientations and flaw detectability
predictions, thus decreasing the number of radiographs required to obtain qualitative inspection
data.
SMART DR utilizes digital radiography (DR) to inspect large components for flaws in
much the same way a doctor X-rays a broken bone to see where it is broken. The main goals of
SMART DR, with minimal information from the user, is to provide two optimal radiographic
orientations from which the size, location, and morphology of potential flaws can be obtained
along with a Probability of Detection (POD) for a given flaw size based on system parameters. In
comparison to typical NDI techniques, SMART DR looks to expand the range of inspectable
geometries while reducing the cost, amount of data analysis, and inspection time for large AM
component. In addition, SMART DR brings NDI into the design stage of the AM process. Since
only a Standard Tessellation Language (STL) file is required for SMART DR to operate,
inspectabiliy of the component can be analyzed throughout the entire iterative design process.
Changes to the design can then be made so that qualification can be completed on site or
arrangements can be made to outsource the inspection as needed.
To achieve the best radiograph, SMART DR focuses on two major factors, namely, (1)
geometric, both part and flaw, and (2) system properties that affect image quality. Geometric
considerations are based on component thickness and edge effects. As the thickness of a certain
Area Of Interest (AOI) increases, more of the impinging X-rays are attenuated, reducing the
contrast of the resultant radiograph. Therefore, an imaging orientation that minimizes an AOI’s
4

thickness as seen by the impinging X-rays will produce a radiograph with optimal contrast as
opposed to another “thicker” orientation. To achieve this orientation, SMART DR uses a ray
trace algorithm to determine an orientation’s radiographic thickness based on unique system
parameters of the inspection system; coupled with a genetic algorithm, it can identify an optimal
radiographic orientation for a specific AOI.
System parameters such as X-ray tube energy, spot size, and detector pitch impact both
the contrast and resolution of a radiograph and play an important role in the resulting image
quality [9]. Contrast and resolution information of high energy (>450 Kev) DR systems for
thicker materials is relatively nonexistent in literature. To obtain this data an experiment was
designed to develop a relationship between tube energy, component thickness, and smallest
detectable flaw size. A Cumulative Distribution Function (CDF) was derived for each set of tube
energy, component thickness, and flaw size from the experimental results. A relationship for
contrast and the smallest detectable flaw, was obtained based on the normalized image
unsharpness and the CDFs. The normalized image unsharpness equation for radiographic
definition was also verified through this experiment. By combining both of these relationships,
the POD for a certain flaw size can be generated based on component thickness, tube energy, and
the DR system’s resolution and Contrast-to-Noise Ratio (CNR). The POD and optimal
orientations are presented to the user as an inspection plan with all of the information required to
achieve the optimal orientations and the expected image quality in each orientations. Using this
information, a user can then assess the inspectability of a component prior to manufacturing and
suggest design changes if necessary. Lastly, SMART DR removes the guess work when imaging
large components. Since optimal orientations are known, fewer radiographs will be required to
inspect a component, which will result in reduction in time, cost, and data analysis.
5

1.3 Organization of the Thesis
This thesis consists of seven chapters. Chapter 1 provides introductory information and
gives a broad overview of the scope and goals of this work. Chapter 2 covers relevant
information in current literature of AM processes and NDI and serves to establish the state-ofthe-art in these areas. Specifically, the case for using AM as an end-use manufacturing technique
is discussed as was as large-scale AM, NDI techniques used for AM, and their drawbacks and
benefits. Chapters 3 reviews other similar research and present the workflow and logic behind
SMART DR. Chapter 4 demonstrates the process of determining the optimal orientation,
evaluating various ray trace algorithms, the logic and performance of the selected ray trace
algorithms, as well as selection and performance of the optimization scheme. Chapter 5 reviews
the specifics of radiographic image quality, describes the experiment that was conducted to
collect relevant data, and discusses how the relationships for high energy contrast and resolution
were developed, along with how SMART DR predicts image quality. Chapter 6 presents
SMART DR as an application and discusses a validation case. Chapter 7 summarizes the
contributions of this work as well areas for improvement and explores future development of
utilizing DR for NDI inspection of large AM components.
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Chapter 2 Literature Review
2.1 Additive Manufacturing
The advent of additive manufacturing (AM) has created a paradigm shift in the design
conceptualization, development, and production of new products and components. AM has found
application in the aerospace, medical, and defense industries. By building up a component in a
layer-by-layer fashion, Schiller [12] has shown how AM can circumvent conventional
restrictions on manufacturability, such as initial tooling costs, manufacturability, and economics
of scale. This contrasts with conventional subtractive manufacturing (SM) where material is
removed from a primitive billet to form a component.
Regardless of a component’s level of complexity, the use of AM reduces a component to
a series of consecutive two-dimensional slices. Part geometry becomes uncoupled with
manufacturing cost, providing more flexibility in design and complexity. Economy of scale
dictates that high production numbers are needed to offset the high capital investment required
for SM. AM’s ability to produce near net parts with minimal tooling requirements enables
medium to one-off production runs to be cost effective, as shown by Eleonora et al [13].
Production of legacy components or low run highly customized parts can thus be done
economically with AM due to its small capital investment. This ease of customization enabled
Mohammed et al. [14] to develop a patient-specific mandible implant, improving both the
functionality of implant and quality of life for the patient. Depending on what benefit of AM is to
be leveraged, different AM processes must be used.
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AM spans seven different technologies as define by ASTM 52900 [15]. These
technologies are Vat Polymerization, Material Extrusion, Powder Bed Fusion, Directed Energy
Deposition (DED), Material Jetting, Binder Jetting, and Sheet Lamination. Though methods and
applications vary from process to process, the same AM workflow is present in each: CAD
model generation, conversion to STL, build orientation determination, support structure
generation, toolpath generation, build preparation, production, and if necessary, post-processing.
Material extrusion and DED are of particular interest to this study due to their ability to produce
large structures on the scale of many meters that pose a particular challenge to qualification.
2.1.1 Material Extrusion
Material extrusion produces components by melting plastic in either filament or pellet
form using a heated nozzle, and the plastic melt is then selectively deposited using a Computer
Numerical Control (CNC) gantry system to form a layer. Each layer is deposited onto the
previous layer until the entire component is manufactured. Typical material extrusion printers
such as the Makerbot Replicator have a build volume that allow them to produce components of
several centimeters in length[16]. Oak Ridge National Laboratory (ORNL) has taken this
technology and scaled it extensively with their Big Area Additive Manufacturing (BAAM)
printer which has a build volume of 6.1 m. x 2.44 m. x 1.82 m [17]. This increased build volume
enables a wide range of applications in the aerospace, rail, and energy industries. ORNL has
already demonstrated the technology by producing a 50ft wind turbine blade mold for the U.S.
Department of Energy [18]. Utilizing AM these molds were able to be produced significantly
faster and have superior thermal properties as opposed to the traditionally manufactured molds.
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2.1.2 Directed Energy Deposition
In a process analogous to laser cladding, DED builds up components through layer-bylayer the successive deposition of weld beads. Either an electron beam or laser is used to produce
a melt pool on the build plate, metal wire or powder is then fed into the melt pool to form a bead.
Successive weld beads are deposited beside each other to produce a layer. This occurs layer-bylayer until the final component is realized. DED machines such as Sciaky’s EBAM systems have
been leveraged by both the aerospace and defense industries to produce high lead time
components multiple meters in length. By utilizing DED to produce a near net shape of a chord
preform Stecker et al. [19] was able to drastically reduce the cost and lead-time required to
produce this part by traditional manufacturing using the Sciaky process. By producing a near net
shape, 75% less material was required to manufacture the chord and machining time was reduced
by 83% making up most of the cost savings. The Applied Research Laboratory was also
instrumental in developing a laser-based large DED process capable of building shapes
representing a cubic meter of material. DED processes have also been combined with traditional
subtractive CNC to create a hybrid system such as the Lasertec 65 produced by DMG Mori that
combine the geometric freedoms of AM with the precision and surface quality of CNC
machining [20]. In subtractive methods a boss or flange would have to be machined out of an
initial oversized billet, whereas hybrid manufacturing enables the deposition and final machining
of features onto a smaller billet and in a single machine. Taku [21] has shown that this reduction
in initial material cost gives hybrid manufacturing a considerable cost advantage when producing
multi-featured parts.
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2.2 Non-Destructive Inspection
Non-destructive inspection (NDI) encompasses a range of test methods used to examine
or inspect a component that do not affect its future usefulness [9]. These methods give many
industries the ability to inspect and qualify critical components both prior to and during their
service to ensure their continued safe performance. NDI methods can be used to test for a wide
range of potential defects such as surface cracks, internal voids, and wall thinning. Developing
NDI procedures and techniques for AM is a crucial hurdle to enabling the production and
qualification of end-use parts using AM processes [10]. It has been shown that while porosity
and lack of fusion defects typical of AM have a minimal impact on static properties of the
material, they have a significant impact on the dynamic properties, such as fatigue and creep of
AM manufactured components [22]. To inspect the complex geometries and internal features
typical of small AM components for these defects, Computed Tomography (CT) is often the NDI
method of choice discussed next.
2.2.1 Computed Tomography
Computed tomography (CT) was developed in the early 1960s as a method for imaging
soft tissues within the body by irradiating the target area and measuring the attenuated rays that
passed through [23]. The initial medical nature of this process meant high throughput and low
dosage were used to minimize the amount of exposure to the patient. The eventual adoption of
CT for industrial use saw the removal of these restrictions, allowing for a wide variety of sizes
and energy levels [9]. CT produces a full three-dimensional reconstruction containing all
external and internal features that can then be inspected for various types of flaws, such as
porosity and lack of fusion defects. To achieve this, the component in question is irradiated by an
x-ray source from many angles encircling the component, and the transmitted x-ray intensities
10

are captured by a detector. The linear attenuation coefficient is then calculated for each pixel on
the detector from which a cross-sectional slice of the component can be reconstructed. Each of
these slices views the component as if it was sectioned at the slicing plane and viewed from the
top. A complete three-dimensional reconstruction of the component is created by assembling all
of the slices together.
From this three-dimensional reconstruction, the various defects that arise from the AM
process such as porosity and lack of fusion defects can be identified. Fabien et al. [24]
demonstrated CT’s ability to capture fine porosity and defects in AM processed components. To
do this, three different geometries - a cube, a cylinder, and a triangular prism - were
manufactured in several different orientations with misaligned hatching patterns to induce flaws.
Within the CT reconstruction of the components, large lack of fusion defects, produced by the
misalignment, with sizes on the order 1mm were evident along with randomly distributed fine
porosity. The equivalent void diameter of the porosity was 20 to 35 µm, validating CT’s ability
to inspect AM manufactured components.
Despite CT’s many benefits, there are also drawbacks inherent to the system. The many
angles approach that allows CT to produce three-dimensional reconstructions also requires
thousands of images, making the inspection time encompass multiple hours for a single
component. Inspecting low production runs becomes costly and time-consuming and medium
production runs unfeasible. Limited inspection volumes and low source energies further restrain
the applicability of CT to AM due to restrictions on component size and thickness. Lastly,
analysis and manipulation of CT data can be tedious due to the large file sizes produced during
the inspection.
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2.2.2 Digital Radiography
Digital Radiography (DR), a precursor to CT, similarly uses the attenuation of x-rays to
capture the projected image on a digital detector using only a single orientation, producing a twodimensional projection of the component with geometries superimposed on top of one another.
Applications for DR range from the inspection of welds and castings to luggage and cargo
inspection [9]. Alkhimov et al. [25] used DR to inspect for porosity in titanium to titanium and
titanium to 12X18H10T steel laser welded joints. These high-performance metals used in the
aerospace industry exhibit a high tendency to produce pores during the welding process. Using
DR, Alkhimov et al. [25] were able to achieve a relative contrast sensitivity of 1 to1.5% with
exposure times two to three times lower than conventional film radiography and still detect pores
greater than 0.1mm, validating DR for inspection of critical components. Udod et al. [26]
compiled a state-of-the-art review of DR citing major advances in matrix detectors and
inspection methods which have allowed DR to meet or exceed the capabilities of more traditional
film radiography. Their review also projected that future DR research would focus on improving
source quality, resolution and contrast of detectors, and developing efficient algorithms for
analysis.
In comparison to CT, DR lacks the ability to derive three-dimensional information about
flaws from a single setup like CT, but, is significantly faster and produces a more manageable
data set. This limitation can be negated, though, if multiple DR images are taken from different
orientations. This method is called multi-radiography. Three-dimensional information can then
be derived through coordinate transformations from the imaged orientations to a known initial
orientation. Crucial for multi-radiography is the detection of flaws in the radiograph, which is
typically done by comparison with a reference image. Several different methods for creating a
12

reference image have been studied by Domingo et al. [27], most notably simulation, filtering,
and learning. By using a parametric model with or without the aid of a CAD model, an ideal
reference image can be created, though model development is time-consuming and difficult to
tune. Applying filters to the current radiography to detect flaws requires no previous information
other than flaw size; however, issues arise with false detection of component geometry as flaws
[28]. Neural networks can also be taught to identify defects through an initial learning process,
but they are time-consuming and sensitive to positioning errors.
Once potential flaws or indications have been identified attempts are made to track the
indications across a range of different orientations [29]. Tracking of indications has two
purposes. First, false positives can be eliminated if the indication cannot be tracked through all
images. Second, information regarding the size, location, and morphology can be obtained by
successive coordinate transformations between the images. Utilizing multi-radiography along
with the current advances in detector quality and flaw detection algorithms, digital radiography
has become a viable inspection technique for additively manufactured components. When
compared to CT, DR provides a cheaper and faster alternative while still achieving the required
contrast and resolution. In the next chapter DR will be discussed in more detail along with the
development and workflow for SMART DR.
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Chapter 3 NDI using Digital Radiography
3.1 Introduction to Digital Radiography
3.1.1 Major Components
In order to understand the work presented within this thesis, a basic knowledge of the DR
inspection process is required. There are two major components of a DR system, the X-ray
source and the Digital Detector Array (DDA), as seen in Figure 1.

Figure 1 DR schematic

The X-ray source is where the generation of x-rays occurs, and the typical x-ray tube
source consists of a cathode and anode. By applying an accelerating voltage across the cathode
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and anode, electrons are emitted from a filament at the cathode by a process called thermionic
emission, shown in Figure 2A. When the electrons impact the anode, their energy is converted
into x-ray radiation. This type of x-ray source is often described as “bremsstrahlung” or
“braking” radiation source, where the electrons traveling from the cathode are decelerated at a
target material through various atomic interactions with that material.

Figure 2 A. Diagram of X-ray Tube B. Number of Photons vs, Photon Energy as a function of
Accelerating voltage [30]

From the conservation of energy, the deceleration of the electrons is accompanied by the
emission of photons in the form of x-ray radiation. The maximum energy of photons emitted
through “bremsstrahlung” interactions is determined by the accelerating voltage, as seen in
Figure 2B. This spectrum of radiation is what is used for radiographic imaging of components.
At lower energies (≤ 450keV), only low density material or thin components (≤ 100 mm of Ti)
can be imaged while higher energies (> 450keV) of interest to this study allow a wider range of
material and thicknesses (>100 mm of Ti) to be imaged.
The DDA is made up of a pixelated array of conversion and capturing layers. The
conversion layer converts x-rays into visible light or luminescence. This luminescence is then
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converted into an electric signal by each pixel of the capturing layer. Through several stages of
modification each pixel is eventually given a grayscale value and combined to produce the
resulting radiograph image. Variations in grayscale values are produced by differing amounts of
attenuation as the x-rays pass through the component and interact with the DDA. Thicker or
denser sections of the component result in more attenuation. Figure 3A shows a CAD model of a
Hastelloy step block that was produced by powder bed fusion with various sizes and
morphologies of flaws. The different step thicknesses along with the different flaw sizes produce
different levels of attenuation that manifest as the different grayscale values as seen in Figure 3B.
Thickness is just one of the many factors, such as focal spot size and magnification, which affect
the image quality of a radiograph.

Figure 3 A. CAD model of a Hastelloy X step block that was produce by PDF. The steps range
from 10mm to 0.8 mm. B. An X-ray image of manufactured step block [31]

3.1.2 Image Quality
Radiographic image quality can be defined as a function of radiographic definition and
radiographic contrast. Radiographic definition refers to the smallest resolvable feature on a
radiograph and is related to the total image unsharpness [32]. Radiographic contrast is the
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difference between grayscale values at two different regions of a radiograph and is related to the
contrast-to-noise ratio. Both contrast and definition are required to achieve an acceptable level of
image quality, and the improvement of one can lead to the reduction of the other [9].
Radiographic image quality is a multi-faceted and highly coupled topic that encompasses the
entirety of the DR process. What follows is a brief description of both radiographic definition
and radiographic contrast.
Total image unsharpness is a cumulative metric that combines all contributors to
unsharpness into a single parameter. The key components of total image unsharpness are
geometric and inherent unsharpness. Geometric unsharpness relates to how the geometry of the
inspection system affects the radiographic quality, specifically the focal spot size and geometric
magnification. Physical limitations prevent x-ray sources from being a point source; therefore,
the x-ray sources used for DR have a finite size or focal spot size. This sub-optimal source
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geometry produces an overlapping of edges in a radiograph due to differing ray perspectives,
which is called the penumbra, as illustrated in Figure 4.

Figure 4 Penumbra diagram

Focal spot sizes vary from tube to tube and can be mini-, micro-, or nano-focused for
lower energy (<300 Kev) systems. The smaller the focal spot size, the more the source behaves
like a point source, and the unsharpness due to this affect is reduced. For higher energy systems,
the focal spot size, is on the scale of a couple millimeters and can contribute significantly to the
radiographic image quality.
Geometric magnification is introduced by placing the component between the source and
the detector; the closer the component is placed to the source, the greater the magnification. This
causes the irradiated geometry to be scaled based on the geometric constraints of similar
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triangles. Therefore, geometric magnification increases the apparent size of component features,
but it also exaggerates the penumbra. Both focal spot size and geometric magnification can be
combined into a single term called geometric unsharpness, Ug, as shown in Equation 1 [33],
where φ is the focal spot size and υ is the magnification.
𝑈𝑔 = 𝜑 ∗ (𝜗 − 1)

Equation (1)

Inherent unsharpness comes from limiting factors of the DDA used during imaging, most notably
the Basic Spatial Resolution (SRb). SRb is the smallest geometrical detail that can be resolved
using a particular DDA and is related to and slightly larger than the pitch of the DDA [34] . If a
DDA has 200 micron pitch, then its SRb will be approximately 250 microns. The SRb of a DDA
is provided by the manufacturer when purchased and is routinely checked with the use of a
duplex wire gauge shown in Figure 5. A line trace is taken that bisects each pair of wires, and the
SRb is calculated as described in ASTM E2002 [35].

Figure 5 Duplex Wire gauge used to calculate the SRb

Radiographic contrast is affected by material type and thickness, beam energy, beam flux
and DDA performance [9]. As a material’s density increases, so does its ability to attenuate x19

rays, which reduces the number and energy of incident x-rays on the DDA. Stainless steel, for
example, is denser then Ti-6A-4V alloy and would have a higher attenuation coefficient. As a
component’s thickness increases, so does the attenuation of the x-rays, reducing the contrast of
flaws to the bulk material surrounding the thicker area, as seen in Figure 3B. The beam energy
(kV) and beam operating current need to be appropriate for the material and component
thickness to be imaged. If the beam energy or operating current is to low then not enough
photons will reach the DDA. If they are too high. then the DDA will be saturated. A DDA’s
quantum efficiency, among other performance metrics, impacts how efficiently a DDA converts
photons into an electrical signal. High quality DDAs allow for this conversion more easily,
absorbing more photons, and increasing image contrast.
3.1.3 Inspection Process
To inspect a component, the appropriate DR system must be selected based on the
material and component thickness, as shown in Figure 6. The system’s source energy, inspection
volume, and image quality limit the components and materials that can be inspected within a
given system. A higher source energy is required for materials of greater radiographic
attenuation, and only components that can fit within the inspection volume can be imaged. Also,
the system must have the radiographic definition and contrast to detect flaws of the desired
length scale.
When these conditions are defined, a manual iterative loop is typically utilized to find an
acceptable orientation, which is based on the operator’s experience and intuition [33]. The
component is placed between the source and the DDA based on the desired magnification and
orientated based on the area of interest. Both the magnification and component orientation can
be non-intuitive, especially for complex AM components, even for an experienced user. Imaging
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parameters such as exposure time and operating current are then determined based on obtaining
an acceptable image quality. The operator must then decide if the area of interest has the required
level of definition and contrast to resolve flaws of the desired length scale. If not, then this
process is repeated with changes to the magnification, orientation, and imaging parameters until
a flaw has been identified or the user is convinced that the component meets the qualification
requirements. This is a time-intensive and expensive process, especially for larger components
that do not fit within the bounds of the detector. SMART DR has been designed to eliminate this
manual iterative process and to remove the uncertainty in radiographic orientation and flaw
detectability for digital radiography. The process and workflow behind SMART DR are
discussed next in Section 3.2.

Figure 6 DR inspection workflow
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3.2 SMART DR
3.2.1 Application and Benefits
As the technology and understanding of AM processes continues to grow, the design
tools and methodologies, simulation methods, and machines need to concurrently advance. The
same can be said for qualification methods and NDI. AM components, with their internal
structures and complex geometries, has pushed the boundaries of NDI techniques since AM’s
inception. The initial small size of AM components allowed for CT to adequately inspect
components for flaws and defects. As the size of components capable of being manufactured
through AM continues to grow, this is no longer possible due to the restrictive size of CT
inspection volumes and limited x-ray energy sources.
To meet this need SMART DR was developed to optimize NDI of large AM components
through DR and act as an inspection tool and design aid. One of the challenges with DR is the
placement and orientation of the component as one orientation may be radiographically superior
to another, and for complex components this is relatively unintuitive. Discovery of a
radiographically acceptable orientation through trial and error methods is time-consuming and
costly. SMART DR takes into consideration the examiner’s specific system parameters and
through the use of a ray tracing algorithm, coupled with a genetic algorithm, determines the
optimal orientation for imaging.
A DR system must also be able to produce a radiograph of sufficiently high quality to
resolve a defect representing a critical flaw size. Using novel high energy DR, data SMART DR
provides a Probability of Detection (POD) for various flaw sizes of interest, allowing the
examiner to ensure imageability prior to inspection. Together, by determining the optimal
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radiographic orientations and the POD of critical flaw sizes, SMART DR can provide an indepth evaluation of a component’s inspectability prior to manufacturing.
Production of large AM components is of little benefit unless these components can be
inspected and qualified. By leveraging SMART DR, the inspectability of a component can be
analyzed during the design stage. Questions such as will in-house DR systems be sufficient or
where can the component be inspected can be answered long before it is manufactured. Designs
can even be modified to improve inspectability, or if a critical area cannot be inspected, then
extra safety measures can be incorporated into the design.
3.2.2 Interface and Workflow
To facilitate a better user experience and effective use of SMART DR, a Graphical User
Interface GUI was developed using Matlabs GUIDE interface, which is illustrated in Figure 7.
GUIDE provides a platform for designing GUI’s with prebuilt objects such as push buttons and
user editable text boxes. Using these objects, SMART DR’s GUI can be broken into three
different regions. Region 1 consists of a graphical window that displays the component within
the virtual DR system to the user. This window is updated during each step of the SMART DR
workflow to help the user visualize the positioning of the component within the system. Basic
user manipulation of the component, such as orbiting and panning are also done within this
window. Region 2 is where all inputs and parameter selection are conducted. User actions and
application outputs are shown in Region 3. This provides the user with necessary information to
properly position and image the component. Additionally, a step-by-step log of all the user inputs
allows for results to be easily reproduced.
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Figure 7 SMART DR GUI

SMART DR provides design and inspection insight through a generalized approach,
allowing for a wide range of applications. Due to this consideration, specific imaging parameters
will not be predicted for individual DR systems. The difficulties of defining system settings for
images are twofold. First, the probabilistic nature of detectors and x-ray tubes create responses
that not only vary from machine to machine but a particular detector or x-ray tube response can
vary depending on age and maintenance. Second, the metrics that define the responses of these
systems, such as the Modular Transfer Function (MTF) or polychromatic spectrum of the x-ray
tube, are difficult to measure and are not readily available to an engineer or technician. Here,
input parameters were chosen based on the minimum requirements for defining a virtual DR
system within the software and information that is typically known for a given DR system. A
total of seven inputs were chosen and can be grouped into three different categories - detector
inputs, source inputs, and system inputs - as seen in Table 1.
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Table 1 SMART DR inputs

Detector parameters define the area of the detector as well as the pixel size. These three
parameters are used to produce a grid of points that represent the center of every pixel. Source
energy and spot size allow for resolution and contrast prediction which in turn define the
smallest detectable flaw size of a DR system. Lastly, the operating distance defines the relative
distance between the source and the detector. These six input parameters were chosen because
within the context of SMART DR they fully define a DR system and are easily obtainable by an
operator. Even though the number of inputs is minimal, the following work shows that a robust
predictive NDI software can utilize this information to guide the development of a NDI process.
The workflow for SMART DR can be seen in Figure 8. The first step is loading the
desired DR system parameters into the application. If a previous unused DR system is to be
analyzed, then a new parameter file is constructed and loaded. The units for the STL are then
chosen, and the STL is selected and displayed in the graphic window. Initial placement is
conducted out by aligning the STL coordinate system with the virtual DR coordinate system. To
do this, the user is asked which axes of the virtual DR coordinate system are aligned with the
build direction and the positive y axis of the STL in the graphical window. Further adjustments
can be made to the component’s initial placement through user-specified angles, or if no
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adjustments are required, then the operator can proceed to the Area of Interest (AOI) selection
step.
The source is initially centered on the component’s geometric center based on its
bounding box. The center of the source can be moved to an AOI by dragging a box over the
AOI, which is shown in Figure 9. A desired magnification or imageable flaw size is then
selected. Optimization of the components orientation is next, and depending on time constraints
a partial, full, or user specified number length of optimization is performed. Optimization is
conducted by a ray trace algorithm coupled to a genetic algorithm that is discussed in Chapter 4
Achieving Optimal Radiographic Perspective. SMART DR then creates an inspection plan with
all of the necessary information to position the component in the optimized orientation for
imaging.
Using the DR system parameters, along with the optimized orientation, the POD for flaw
diameters of interest can be determined. If the POD indicates that the flaw size of interest is not
able to be resolved, then a different DR system with higher resolution is required to properly
inspect the component. Any further adjustment of the components orientation will increase the
radiographic thickness, resulting in a reduction in image quality. The development of the POD is
explained in detail in Chapter 5 Predicting Radiographic Image Quality. At this point,
radiographs can be taken and analyzed in SMART DR or utilizing a secondary software can be
used. Detailed descriptions of both the ray trace algorithm and image quality metrics are
discussed in the next chapters along with a validation case for SMART DR.
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Figure 8 SMART DR Workflow

Figure 9 AOI selection
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Chapter 4 Achieving Optimal Radiographic Perspectives
4.1 Applications of Ray Trace Algorithms
Designed to simulate the path of rays or waves through a medium, ray trace algorithms
have found many applications, such as dosing calculations for radiation treatments [36] and
complex volume rendering [37]. In their simplest form, ray trace algorithms are used to
determine the intersections of a ray with a given solid. Rays are able to interact with the solid in
several different ways depending on the purpose of the algorithm. In the case of determining
radiation dosing for proper treatment of tumors, the solid is transmissive to the ray. The path
length of a ray through the solid is then used to determine the attenuation coefficient and the
resultant dosage to the patient. Sibbion [38] utilized this method to develop an efficient
algorithm to find the ray path length for CT scan data. By discretizing CT scan data into
prismatic slices, Sibbion was able to reduce the complexity of the problem from R3 to R2, which
greatly reduced computational time [38]. The goal of SMART DR’s ray trace algorithm is much
the same, namely to determine the maximum ray path length for a specific orientation of a
component and optimize this orientation to minimize the maximum ray path length.
4.2 SMART DR’s Back Projection Algorithm
A back projection ray tracing scheme was selected for determining the ray path length
needed to compute the attenuation through the component, as opposed to a forward projection
scheme, because of its speed and robustness. This can be attributed to the method by which a
back projection scheme solves for a photon or ray path. A forward projection scheme evaluates
the projection created starting from the photons emitted by a source. These photons interact with
an object and scatter in random directions, with only a few hitting a receptor (eye, charged
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couple device, DR detector, etc.). Following this logic, to determine the image on the receptor
would mimic reality, thousands of unnecessary photon paths would have to be calculated,
resulting in a slow and problematic algorithm. Back projection algorithms apply this logic in
reverse and follow a ray from the receptor back to the source. This eliminates unnecessary ray
paths from being calculated, producing a much more efficient and robust algorithm.
Many different back projection schemes have been developed over the years. Of
particular interest to this study is an x-ray simulation code called Virtual X-ray Imaging (VXI)
developed by Freud et al. [39]. VXI’s deterministic ray trace approach is a powerful alternative
to time-consuming Monte Carlo simulations of radiographic imaging. Both coherent and
Compton scattering effects can be simulated, and geometric unsharpness can be taken into
account quite easily through coupling with Computer Aided Design (CAD) software. Of most
importance is VXI’s ability to handle triangular faceted geometries such as STL representations.
By utilizing STL files, it is then possible to analyze any additively manufactured components
because the current AM design process necessitates the creation of an STL file. Faceted
geometries also account for most of the speed associated with the VXL back projection
algorithm by reducing complex geometries to a series of triangles in three-dimensional space.
Each triangle is projected onto the detector as if being illuminated by a source. This concept is
illustrated in
4.2.2 Ray Trace Logic
Since a usable STL is watertight, meaning that there are no missing triangles on the
boundary, a ray from the source to a pixel must intersect the STL Np*2 times, where Np is the
number of instances of intersections for a given pixel p, as shown in Figure 10. To determine the
ray path length through the STL, the ray trace algorithm uses these intersection points. The ray
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tracing process consists of three major steps: (1) facet projection, (2) inclusion determination,
and (3) ray length calculation. Figure 11 shows the high-level flow chart of each of these three
stages. At the beginning of the algorithm, the virtual DR system properties and the STL file of
the component are loaded. The virtual DR system consists of a structured array containing the
energy and spot size of the DR system, DDA dimensions, pixel size, and the distance from the
source to the DDA defined by the user. An N x 3 matrix defines the STL file that has N vertices,
where there are N/3 triangles and each row is an {x, y, z} vertex of a triangle.

Figure 10 Examples of Different Intersection Types
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Figure 11 Ray Trace Pseudo Code Diagram

All calculations for converting information between the ICS and DCS and the projection
of the triangles onto the DDA are done during the facet projection stage. First, the transformation
between the ICS and the DCS is calculated based on distance between the source and detector as
well as the DDA dimensions. This is further discussed in Appendix A – Coordinate
Transformations and Conversions. Next, each triangle is projected onto the DDA plane through
the use of similar triangles and the equation for a ray. Figure 12 illustrates the projection of a
triangle to the DDA plane and ray equation, where A is the projected point, α is the similarity
ratio, V is the vertex to be projected and P is the location of the source. Once projected, the
vertices are then converted to the DCS coordinate system for the calculation of the included
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pixels. Since all of the vertices are stored in an N x 3 array, matrix operations can be used to
rapidly project and convert all vertices simultaneously. Lastly, the xy-minimum bounding box
(MMB) for each triangle is determined and stored in a matrix. The MMB is used during the pixel
inclusion stage of the ray trace algorithm to quickly determine which pixels to use during back
projection.

Figure 12 Projection of Triangles to the DDA

The pixel inclusion stage is the most important step in the back projection algorithm. In
this stage, the bounding boxes of each projected triangle are used to determine which pixels are
utilized for ray tracing. Two potential issues arise from projecting the triangles onto the DDA,
the triangle could either lay (1) partially or (2) entirely off of the DDA, as illustrated in Figure
13A. To account for this, two checks are put in place prior to inclusion determination. The first
check tests whether the MMB is at least partially overlapping the DDA. If this is true, then the
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MMB moves on to the next block of code; otherwise, it is discarded. Next, the MMB is either
trimmed to fit within the DDA if it is partially overlapping, or, if the MMB is fully within the
DDA, then the MMB moves on to the next block of code. Next, the bounding pixel box (BPB),
the minimum grid of pixels that encloses the triangle, is determined from the MMB.
An example of a BPB can be seen in Figure 13B. This subtle yet imperative shift
expedites the inclusion process by allowing pixels to be quickly indexed from the BPB. With the
BPB defined, the selection of included pixels can begin. For each pixel in the BPB, the cross
product for each triangle vertex is computed and compared, which is shown in Figure 14. For a
given pixel, if all cross-products are of the same sign then the point must lie within the triangle.
This process is carried out for all pixels simultaneously through the use of matrix operations,
with the included pixels being passed onto the next stage of the algorithm to calculate the ray
path length.

Figure 13 A. noncompliant triangles B. Determination of bounding pixel box
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Figure 14 Examples of inclusion logics. If all cross products are the same sign then the point
must lie inside the triangle

To determine the ray path length for a given pixel, the distance from the source to a given
triangle must be calculated. By taking advantage of the fact that each triangle of an STL defines
a plane, this process can be done quite efficiently. Equation 1 shows the equation for a plane that
contains triangle ABC. The constants a, b, and c are the coordinates of the vector normal to
ABC, as in Equation 2, and d, shown in Equation 3, states that A belongs to the triangle’s plane.
In much the same way in which the triangles are projected onto the DDA, by scaling the
vector that spans from the source to a given pixel to a plane, the intersection point with that
triangle can be calculated. Equation 4 is the ray equation where SI is the intersection coordinate,
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βp is the scaling value, and Sp is the pixel’s coordinate. The expression for βp can be derived by
combining Equation 1 and Equation 3 as shown in Equation 5. Expressions for D and N are
given in Equation 6 and Equation 7. Subscripts p and s denote pixel and source values,
respectively. The distance from the source to a given intersection location Li is the given by
𝛽𝑝 ‖𝑺𝒑 ‖ and saved to an M x 2 matrix where the first column is the intersection distance and the
second column is the corresponding pixel.
𝑎𝑥 + 𝑏𝑦 + 𝑐𝑧 + 𝑑 = 0

Equation (1)

𝒏 = 𝑨𝑩 × 𝑨𝑪

Equation (2)

𝑑 = −𝒏 ∙ 𝑨

Equation (3)

𝑺𝑰 = 𝛽𝑝 𝑺𝑷

Equation (4)

𝛽𝑝 =

𝑁
(𝐷 – 𝑎𝑥𝑝 − 𝑏𝑦𝑝 − 𝑐𝑧𝑝 )

Equation (5)

𝐷 = 𝑎𝑥𝑠 + 𝑏𝑦𝑠 + 𝑐𝑧𝑠

Equation (6)

𝑁 =𝐷+𝑑

Equation (7)

For the special cases where the pixel lies on a vertex or edge, the cross-product between
the pixel and the vertex or edge will be zero. These pixels are saved in a separate matrix until all
of the intersection calculations are made, and only the unique intersection points are carried over
to the ray path length stage. As mentioned earlier, a given pixel has Np*2 intersections with a
STL. The total ray path length through the STL can then be calculated by sorting Li from largest
to smallest, subtracting every even index from the odd index, and summing the result, as seen in
Equation 8. The maximum ray path length for a given orientation can be obtained by repeating
this calculations for all pixels and finding the maximum value.
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𝑁𝑝

Equation (8)

∑(𝐿2𝑖 − 𝐿2𝑖−1 )
𝑖=1

4.2.3 Performance
The speed and robustness of a back projection algorithm is critical to its performance.
Many applications for these algorithms involve either rendering or optimization which involve
hundreds to thousands of function evaluations. If the algorithm is not written in an efficient
manner, then the computational time becomes exceedingly long and depending on the
application, may not be viable. Two different methodologies were used to increase the speed of
the back projection algorithm: (1) matrix operations and (2) parallel processing. Matrix
operations allow for a large number of calculations to be executed simultaneously. An example
of this code is when the inclusiveness of each pixel is being determined. By containing all of the
pixel coordinates in a single column matrix, the cross-products between all the pixels and their
respective triangle vertices can be executed simultaneously. When compared to using a for-loop
to calculate each cross product individually, using matrix operations to perform this calculation
is significantly faster. In general the use of for-loops was avoided whenever possible due to their
poor performance.
Parallel processing was also utilized to increase performance, by using multiple cores to
execute the algorithm. Since the calculation of the triangles included pixels and therefore the ray
path lengths for those pixels is independent from one another, a different triangle can be
processed on each computing core.
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Performance not only depends on the efficiency of the code but also the amount of
calculations that is required. In this case the major contributors to increased data are the number
of triangles in the STL and the number of pixels on the DDA. Analysis of performance was
carried out on a four core i7-3610QM 2.3 GHz processor with 16 gigabits of RAM. Multiple
spheres with increasingly more triangles was used to evaluate how the number of triangles
affected computational run time. These spheres are depicted in Figure 15. A larger number of
triangles results in more iterations of inclusion, reducing the algorithms performance.

Figure 15 Spheres with increasing number of triangles

It should be noted that the size of the component does not affect run times because a
larger component does not necessarily produce a STL file with more triangles. A more complex
part, shown in Figure 16, was used analyze how the pixel width of the DDA effects
computational time. Figure 17a shows how computation time changes with the number of
triangles, clearly showing the trend that as the number of triangles increases, so does
computation time. The number of pixels in the DDA also increases the run time of the algorithm
for a similar reason; more pixels increases the number of calculations. Figure 17b shows that as
the DDA’s width increased, so did the computation time.

37

Figure 16 Model used for DDA width analysis

Figure 17 a. Computation time vs Number of Triangle, b. Computation Time vs DDA Width

The largest increase in computation time as the DDA width increases was attributed to
the ray path length for-loop. With the current algorithm, several options exist to further increase
its performance. The algorithm was written in MATLAB to capitalize on the extensive library
and ease of use of the software. Though this expedited the development phase, MATLAB is
inherently slow when comparted to C++ or Python. MATLAB converts its code to C++ during
execution; so, removing this step would increase the performance of the algorithm. Also, this
analysis was carried out with only four cores; access to more processors would further increase
performance by allowing more triangles to be processed simultaneously. The most promising
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performance boost could come from multi-core processing on GPUs. GPUs have hundreds to
thousands of cores that allow for massive parallelization of the algorithm.

4.3 Orientation Optimization
With a method for rapidly calculating the radiographic thickness of a component in a
specific orientation, the search for an optimal orientation can proceed. Rather than testing the
entire design space, a search method that selects new orientations intelligently will produce an
optimal solution faster than brute force methods. Furthermore, gradient-based optimization is
insufficient for this problem due to its multi-modal and non-differentiable behavior. Nongradient based methods such as genetic algorithms can handle these characteristics and are well
suited for optimization of this type of problem.
4.3.1 Applications of Genetic Algorithms
Genetic Algorithms (GA) are part of a much larger category of algorithms called
Evolutionary Algorithms (EA) that mimic natural selection through a “survival of the fittest”
mentality to solve nonlinear, non-differentiable, multimodal functions [40]. These strategies have
shown great success in solving continuous parameter and high dimensionality optimization
problems, mostly due to their ability to avoid local minima. Several different EA methodologies
have been presented over the years. Voigt [41] describes a new scaling rule for multiple
mutation GAs based on soft genetic operators call the Evolutionary Algorithm with Soft
operators (EASY). By shifting the selection process to a stochastic approach, EASY was able to
achieve sustained convergence through all generations for a range of multi-dimensional testbed
functions. A EA written by Storn et al. [42] has been shown to be an efficient and simple
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method for nonlinear optimization and reported faster convergence times than EASY. To do this,
Storn’s et al.’s EA uses N-dimensional vectors to describe a population P for each generation G,
where each N dimensional vector defines set parameters for the cost function. The initial
population is produced randomly from a uniform probably distribution covering the entire
feasible region. For each initial vector, the cost function is evaluated and ranked using the
“greedy criteria”. A vector with a lower cost function value is said to be more fit and will out
rank a vector of higher outcome. New vectors are created through parameters mixing or
crossover between two parent vectors in the current. If a new vector has a smaller cost function
value a one of its parents, then it replaces that parent in the next generation. This process
continues until the algorithm meets a convergence criterion or has evaluated all generations. Due
to this strategy and the simplicity of the algorithm, SMART DR’s optimization scheme was
adapted for this work.
4.3.2 Genetic Algorithm Logic
SMART DR uses a Genetic Algorithm (GA) to minimize a component’s maximum
thickness as seen by the X-ray source. Specifically, a discrete two-dimensional differential
evolution (DE) scheme is used to minimize the back projection (BP) algorithm function in the
form:
𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐵𝑃(𝑥1 , 𝑥2 )
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 − 90 ≤ 𝑥1 ≤ 90 & − 180 ≤ 𝑥2 ≤ 180

40

Equation (9)

where x1 and x2 are the angle of rotation about the y and z axes. A flow chart for the optimization
can been found in Figure 18. The inputs to the algorithm are the rotation bounds, the number of
generations, the survival rate, and the mutation rate. The survival rate is the percentage of the top
individuals in the current generation that are retained for the next generation. These individuals
are also used during the crossover stage because they have the lowest current fitness value.
Mutation rate defines the likelihood of an individual mutating.

Figure 18 DE Optimization Pseudo Code
The initial population is generated from evenly distributed values across the optimization
bounds. Each individual’s fitness is evaluated, and the top percentage defined by the survival rate
is retained. The next stage generates a virtual “roulette wheel” that gives individuals with better
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fitness values more slots on the wheel, which translates to more indexes in the roulette matrix.
The reason for this approach is that more weight is given to better performing individuals,
increasing the likelihood in their selection for crossover.
From this roulette matrix, two indexes are randomly selected, and the two corresponding
individuals are then used during crossover. Two random weights are generated and used in two
separate weighted averages of the two parents, creating two new children. This cycle continues
until the population has reached its maximum value. Each individual is then passed through the
mutation stage where it is assigned a random value between zero and one. If this value is higher
than the mutation rate then a random new individual replaces the current one.
At this point a new generation has been established. The parameter values and their
fitness values are saved, and the whole process begins over again. Optimization continues until
all generations have been evaluated or the top five individuals for the last five generations are the
same. Once the convergence criteria has been met, the fittest individual of the current generation
is considered to be the optimal solution and is used as the orientation for inspection.
4.3.3 Second Orientation
During the optimization process, a second orientation is also calculated that, when
combined with the initial optimal orientation, can be used to determine the morphology, size, and
three-dimensional location of a flaw. An optimal second orientation from a flaw characteristic
perspective would be a 90 degree rotation along either the Y or Z axis from the initial optimal
orientation, producing two orthogonal views of a flaw. All of the information pertaining to a
flaw’s size, location, and morphology can easily be obtained from these two orientations due to
their orthogonality. Limitations of the DR system being used or of the component being
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inspected may make a 90 degree rotation impractical or impossible. To account for this, SMART
DR uses a classical golden search algorithm and flaw detectability data, described in the next
chapter, to determine the closest angle of rotation that can be achieved and still allow a flaw size
of interest to be detectable.
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Chapter 5 Predicting Radiographic Image Quality
5.1 Image Quality Predication
An important part of SMART DR is its ability to predict the image quality, or more
specifically, the detectability of a flaw size of interest for high energy (≥ 1 Mev) DR systems.
This prediction serves as a “go/no go” metric for the inspectability of a component by informing
the user, if given an optimal orientation, the component can be inspected with the DR system in
question. To achieve this, SMART DR combines component thickness information from the ray
trace portion of the applications and two image quality metrics, Contrast to Noise Ratio (CNR)
and Normalized Image Unsharpness (UIM) which represent radiographic contrast and definition
to create a Probability of Detection (POD) for flaws diameters of interest. The POD estimates the
probability of detecting a given flaw over the imaged section of the component. Since image
quality measurements for DR are typically done in-situ and are qualitative in nature, very little
has been published on image quality for high energy DR systems. The contents of this chapter
discuss the experimental set up used to obtain high energy DR image data, how CNR and UIM
relate to image quality and their calculation, and how they combine to produce the POD for flaw
diameters of interest.
5.2 Experiment
Due to the lack of information in the literature on high energy DR, an experiment was
conducted to establish a relationship between x-ray energy, component thickness, and the
minimum detectable flaw size (Fmin). Mr. Griffin Jones of the Applied Research Laboratory a
Level 3 radiography inspector assisted in the design of the evaluation and the analysis of the
results. The evaluation entailed varying the energy of the x-ray source and component thickness
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over the ranges provided in Table 2. The radiographic contrast and definition were analyzed for
the range of flaw types defined in Table 3. The specific set of flaws that were selected based on
SMART DR’s focus on aerospace applications, and test geometries containing the flaws were
made from titanium six percent aluminum and four percent vanadium (Ti-6Al-4V) alloy. Eight
test geometries consisting of 76.2 mm (3 in.) square blocks of Ti-6Al-4V that varied from 25.4
mm to 76.2 mm (1 to 8 in.) in thickness were purchased. Each block had 15 artificial flaws that
varied from one, two, and four percent total thickness, which are a specific subset of the range of
flaws in Table 2. An example of a 50.8 mm (2 in.) thick block and its artificial flaws is
illustrated in Figure 19.
Table 2 Experimental Variables Levels
Energy(Mev)
Component
Thickness(mm)

0.45
25.4

3

4

6

8

12

50.8

76.2

101.6

127

152.4

177.8

203.2

Table 3 Artificial Flaw Geometries
Diameter (mm)
Percent
Thickness (%)

0.41

0.79

1

2

1.194 1.600

1.981

4

45

2.387

2.77

3.175

3.581

3.962

Figure 19 Example of a 50.8 mm (2 in.) thick Ti-6Al-4V block
A detailed table of the flaw sizes for all block types can be found in Appendix B – Ti6Al-4V Experimental Blocks. The specific set of flaw sizes and depths for each block where
chosen to mimic hole type Image Quality Indicators (IQIs) that are typically used to determine
acceptable image quality levels and to test the extreme limits of radiographic definition and
contrast.
The experiment was conducted at the Idaho Accelerator Center (IAC), University of
Idaho in Pocatello, ID using their Yxlon Y.TU450-D10 450 Kev source and custom linear
accelerator (linac) with an energy range of 1 to 12 Mev. A GE DXR250U-W DDA was used for
image capturing. The major advantage of this site was the use of their variable power linac which
allowed for energies ranging from 1 Mev to 12 Mev to be tested easily within the same set up.
Due to limitations of the linac system, only certain energy bands are stable enough for
radiographic imaging, limiting this experiment to the energies of 3, 4, 6, 8, and 12 Mev.
Important parameters for the 450 Kev system, linac, and DDA are given in Table 4.
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For a given energy level, starting with the 25.4 mm (1 in.) block, each block was imaged
in the middle of and directly against the DDA. The source to detector distance was 1219.2 mm
(48 in.) for 25.4 mm to 101.6 mm (1 to 4 in.) blocks, and 1524 mm (60 in.), for the 127 mm to
203.3 mm (5 to 8 in.) blocks. Figure 20 is a photograph showing the experiment set up and the
lead blocks placed around the test block to reduce edge affects and noise. The blocks were
positioned so that the artificial flaws were facing the source. The exposure time and number of
integrations were modulated until a radiograph was obtained that utilized the full energy band of
the DDA. This was carried out for all blocks over all energy levels. An example radiograph of
the 50.8 mm (2 in.) test block at 450 Kev is show in Figure 21. The radiographs for each energy
level and thickness, totaling 26 radiographs, can be found in Appendix C – Experiment
Radiographs. These radiographs were then analyzed to determine the effects of energy and
component thickness on radiographic contrast and definition.
Table 4 450 Kev system, linac, and DDA paramters
X-ray source
Y.TU450-D10
Linac

Energy(Mev)
.450
1-12

Spot size(mm)
2.5
variable

DDA
GE DXR250U-W

Pitch(μm)
200

SRb (mm)
.249
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Figure 20 Experiment set up for Image quality experiment

Figure 21 Radiograph sample of the 50.8 mm (2 in.) test block at 450 Kev
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5.3 Contrast
Radiographic contrast is defined as the difference in grayscale intensity between two
different regions of interest [32] and consists of subject and DDA contrast. Subject contrast is
due to variations in thickness or material within the component being imaged. In this way,
subject contrast can be thought of as a measure of the smallest discernable change in thicknesses
that can be perceived on a radiograph.
DDA contrast refers to the smallest difference in x-ray energy between two pixels that the
DDA can detect and is affected by a wide variety of DDA characteristics that do not pertain to
this work. Without the proper level of radiographic contrast, edges and changes in thicknesses
become difficult to see even if they are above the systems definition limit. An example of this
can be seen in the radiograph of a step block Figure 22. As the thicknesses of the step block
increases, the contrast is reduced, and the edges of the flaws become less clear.

Figure 22 Example of different levels of contrast due to thickness changes in a step block [31]
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5.3.1 Contrast to Noise Ratio
Several different metrics have been developed to quantify the contrast level of a
radiograph. ASTM standard E2597 [43] defines one such a metric called the Contrast-to-Noise
Ratio (CNR), which quantifies the difference between the contrast and relative noise of a feature.
To calculate the CNR of a feature, the signal (mean grayscale value) and noise (standard
deviation, STDEV) are calculated for the three areas as shown in Figure 23.

Figure 23 CNR sampling method [43]

Areas 1 and 3 correspond to bulk areas directly adjacent to the AOI, and Area 2 is the
AOI itself. In this experiment, grayscale measurements for Area 2 were taken from the center of
the artificial flaws, and Areas 1 and 3 were from the surrounding area. Sampling was done
vertically instead of horizontally to remove striated artifacts produced by the linac. The sampled
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grayscale values along with Equation 8 are then used to calculate the AOI’s CNR. The signal is
the average grayscale value of each area.

𝐶𝑁𝑅 =

0.5 × (𝑠𝑖𝑔𝑛𝑎𝑙(𝑎𝑟𝑒𝑎 1) + 𝑠𝑖𝑔𝑛𝑎𝑙(𝑎𝑟𝑒𝑎 3)) − 𝑠𝑖𝑔𝑛𝑎𝑙(𝑎𝑟𝑒𝑎 2)
0.5 × (𝑛𝑜𝑖𝑠𝑒(𝑎𝑟𝑒𝑎 1) + 𝑛𝑜𝑖𝑠𝑒(𝑎𝑟𝑒𝑎 3))

Equation (8)

The noise is the median STDEV and is found by taking the STDEV of each column pixel
in the sample area and finding the median value. A detailed example of the CNR calculations for
the flaw shown in Figure 23 is given in Table 5.

Table 5 Detailed CNR calculations for the 25.4 (1 in.) block with 2.38 mm (3/32”) flaw diameter
that is 4% of the total thickness
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The CNR for all 15 artificial flaws for all 26 radiographs were sampled and measured
nine times to improve the accuracy of the measurements. By analyzing this CNR data, a method
for quantifying the effects of source energy and component thickness was created.
5.3.2 Data Analysis
Based on the CNR data from the experiment, a cumulative distribution function (CDF) was
created for each energy, component thickness, flaw depth, and flaw diameter combination. The
CDF defines what percentage of the sampled data is at or above a certain CNR value. Figure 24
is an example CDF for the flaw used in Table 5.

Figure 24 Example CDF for a 2.38 mm (0.78 in.) diameter flaw that is 1.016 mm (0.04 in.) deep
in a 25.4 (1 in.) block imaged at 450 Kev.
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As stated in Section 10.19.3.2 of ASTM standard E2698 [43], the CNR across a hole-type
IQI must be at least 2.5 for the DR system to be considered sufficient for inspecting the given
geometry. This value provides a cut-off value below which a feature is no longer able to be
accurately detected. The CDFs allow for the percentage of the sampled data at or below 2.5 to
be quantified. The likelihood of a flaw having a CNR higher than 2.5 is then one minus the CDF
value. For example, if a value of the POD at a CNR of 2.5 is 100, as it is in Figure 25, then there
is a 100 percent possibility of detecting this flaw, but if the POD is below 100, then this value is
the probably of detecting that flaw. The remainder of this section explains the creation of the
CDF plots and their conversation to POD plots.

Figure 25 Probability of detection of 1.98 mm (0.078 in.) flaw
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Data analysis was conducted using MATLAB due to the availability of many built in
analysis tools. By using the fitdist and cdf commands, a PDF could be fit to the CNR data from
each experimental case and then be converted to a CDF. The benefit of fitting the data to a PDF
is that the resulting CDF is a continuous function as opposed to the discrete function that is
produced when directly using the data. To verify that the data was normally distributed, CDF
were created without fitting the data then compared to the fitted CDF by use of the R2 values.
First, histograms (see Figure 26a) of the CNR values for each combination where created with
bins 0.5 CNR wide. The number of instances in each bin where then divided by the total number
of data points, nine, to produce a PDF. As seen in Figure 26b, when visually comparing the
manually generated PDF with a fitted PDF, the two sets of data are in good agreement.

Figure 26 a. Histogram of CNR values for the 2.38 mm (3/32”) flaw used in Section 5.3.1, b.
comparison of fitted PDF with manually generated PDF.

Of more concern is how well the CDF of this data aligns with a fitted CDF. Figure 27
shows the comparison between the fitted and manually generated CDF curves; the manually
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generated CDF has a R2 value of 0.975. This high level of agreement provides confidence that
the data is normally distributed and can be analyzed as such.
Repeating this process for all flaw diameters on the 25.4 mm (1 in.) block, the final POD
curves can be seen in Figure 28. From this graph it can be observed that a 0.41 mm (0.016 in.)
flaw has a 42% chance of being detected, and larger flaws have a near 100% chance of detection
The goal of creating these POD curves that cover a wide range of energies, component
thicknesses, and flaw types is that they may can be applied to a wide range of DR systems and
applications. All POD curves for contrast can be found in Appendix D – Probability of
Detection. Contrast is not the only measure of radiographic image quality. Definition also
restricts the detection limits of a radiograph, and the incorporation of a metric for radiographic
definition into the POD curves is discussed in the next sections.

Figure 27 Comparison of fitted and manually generated CDF
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Figure 28 Final POD curve for all flaw diameters with 1 mm (0.04 in.) depth for a 25.4 mm (1
in.) block at 450 Kev. POD of a 0.41 mm (0.016 in.) diameter flaw is 42%

5.4 Normalized Image Unsharpness
Radiographic definition refers to how sharp an image is in both edge quality and small
feature resolution and is comprised of inherent and geometric unsharpness [32]. Inherent
unsharpness is attributed to the resolution of the DDA, mainly the pixel size. A smaller pixel size
allows for finer details to be captured in the radiograph, increasing its sharpness. Geometric
unsharpness is due to the DR system’s focal spot size and magnification. Both of these effects
create an overlapping of projections called the penumbra that blur edges and fine details. If the
radiographic definition is not high enough then small features will not be resolved, and potential
56

critical defects could be missed. Figure 29 shows an example of a how definition affects edge
clarity. Figure 29a has reduced definition when compared to Figure 29b. Due to this the features
in the imaged component are blurred.

Figure 29 example of how different levels of definition affect edge clarity [9]

5.4.1 Normalized Image Unsharpness
The multi-faceted nature of radiographic definition mandates that any metric used to
describe it must take into account many different characteristics. To this point, the normalized
image unsharpness metric, as described in ASTM standard 2698 [44] will be used to quantify
radiographic definition. Normalized image unsharpness (Uim), defined in Equation 9, takes into
account inherent unsharpness through the DDA Basic Spatial Resolution (SRb), which defines
the resolution limit of the DDA used, and geometrical unsharpness through the magnification (υ)
and the geometric image unsharpness (Ug ) terms.
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𝑈𝑖𝑚 =

1 3 3
∗ √𝑈𝑔 + (1.6 ∗ 𝑆𝑅𝑏 )3
𝜗

Equation (10)

Through the combination of all of these terms, Uim defines the smallest imageable feature
for a DR system in millimeters. The geometric image unsharpness, Ug is defined in Section 3.1.2
by Equation 1. All of the parameters required to calculate Uim are easily known or obtainable for
a DR system. The amount of magnification is simply the distance from the component to the
DDA divided by the source distance. The DDA used during the experiments had a SRb of 0.249
mm and was determined using a duplex wire gauge as described in ASTM E 2002 [35]. Ug is
composed of the magnification υ and focal spot size φ. For high energy DR systems with a
specific energy level, the focal spot size is given by the manufacturer. The variable energy nature
of the x-ray source used during the experiment allowed for different energies to be easily used,
but focal spot size was not available. Therefore, the focal spot size for the linac had to be
calculated from the radiographs taken during the experiment.
5.4.2 Focal Spot Calculations
To calculate the focal spot, the equation for geometric unsharpness was rearranged to
solve for the spot size as seen in Equation 10. The magnification is easily known from the
radiographic set up by dividing the thickness of the block by the working distance of the DR
system. To determine the geometric unsharpness, the apparent diameter of the 11th flaw of every
block was measured on each radiograph; this flaw represented both the largest diameter and
deepest flaw on each block. Figure 30 shows the location of the 11th flaw on the 152.4 mm (6 in.)
block imaged at 3 Mev.

𝜑=

Ug
(𝜗 − 1)

Equation (11)
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Figure 30 152.4 mm (6 in.) block imaged at 3 Mev displaying 11th flaw

These measurements are not the true diameter of the flaw but a composite of the nominal
diameter plus magnification and focal spot effects. Figure 31 shows how these properties affect
the diameter of the imaged flaw and the procedure used to calculate Ug from the imaged diameter
measurement.
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Figure 31 Calculation of Ug
For each parameter combination, the 11th hole was measured five times, and the average
of these measurements was taken as the imaged diameter of the holes. To calculate Ug, the
imaged diameter is subtracted from the magnified diameter and divided by two. This value
along with the magnification were inserted into Equation 10 to solve for the focal spot size. For
each energy level, the focal spot size was calculated for each thickness that was imaged and
averaged to create the final mean focal spot size. The calculations for 3 Mev are shown in Table
6. Focal spot sizes for all the energy levels along with Uim values are given in Table 7. By
combining Uim and CNR, a complete description of a DR systems image quality can be achieved.
Table 6 Mean focal spot size calculations for 3 Mev
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Table 7 Focal spot sizes and Uim Values

5.5 Probability of Detection Metric
It was important when developing a method to predict image quality that it was not
specific to a single DR system but adaptable to any DR system. Determining image quality
through CNR and Uim allowed for this method to have a wide range of applicability. The CNR
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data covers the range of energies, thicknesses, and flaw types that are of interest for large AM
build volumes, and Uim can be calculated for an individual DR system. As long as the user can
provide the energy, focal spot size, and SRb of the DR system to be used along with a STL of the
component, the probability of detection (POD) for a flaw can be calculated. To combine both
radiographic contrast and definition, the different flaw sizes used in the POD curves are
normalized by the Uim of the DR system to be used, which is illustrated in Figure 32.

Figure 32 Normalized flaw sizes

For a flaw to have a non-zero probability of being detected, it must be larger or equal to
the Uim and have the potential to have a CNR above 2.5. For example, the 450 Kev system used
in the experiment had at Uim of 0.390 mm when imaging a 25.4 mm (1 in.) thick block of
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titanium. Normalizing flaw size by this Uim produces the POD chart in Figure 32. If the critical
flaw size is between one and two Uim, then based on the POD value of the 1.63 Uim curve there is
a 42% chance of this flaw being detected if it is at least 4% of the component’s thickness. To
validate this method of predicting image quality and the use of SMART DR in general, a 316
Stainless Steel fin produced by DED was inspected to using the information provided by
SMART DR.
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Chapter 6. Validation
One of DED’s major benefits is its ability to produce large components with minimal
material by only depositing material that is required to produce a near net shape. A good
example of this is the 316 stainless steel fin, shown in Figure 33, which was produced by DED
and measures 345 mm wide, 290 mm tall, and 40 mm thick. This fin presents a challenge for CT
scanning due to excessive thickness in certain orientations and the high density of stainless steel.
Since DR does not require that the component be radiographically imageable around an entire
axis, the orientation of the component can be optimized to allow an area of interest of be imaged.
By using SMART DR, optimal radiographic orientations can easily be achieved along with the
work instructions for component placement.

Figure 33 Fin produced using the DED process and stainless steel 316 material
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Figure 34 illustrates how the fin STL was manipulated during the SMART DR workflow.
When first loading the fin into SMART DR, the component’s coordinate system must be aligned
with the inspection coordinate system since a STL’s coordinate system is arbitrary. SMART DR
queries the user to define what inspection axes correlate to the build direction and positive y axis
of the fin. Step 1 in Figure 34 shows the loading orientation of the STL where the +Z and +Y
axis of the inspection coordinate system correlates with the build direction and positive Y axis of
the fin. The fin is reoriented, and the user is shown the fin as seen by the DR system to select the
area of interest, as seen in Figure 34 Steps 2 and Step 3. The selection of the area of interest
repositions the center of the x-ray source to the center of the area of interest, which is shown in
Figure 34 Step 4. A flaw size of 0.5 mm was chosen as the critical flaw size to be imaged, and
the orientation optimizer was performed. Part orientation and optimization within SMART DR
had a total run time of five minutes. The resulting inspection plan for the fin can be seen in
Figure 35.
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Figure 34 Manipulation of the fin STL in SMART DR

66

Figure 35 Inspection plan for fin based on SMART DR (red arrow on bottom image indicates the
center of the X-ray source)
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In the optimal orientation, a thickness of 40mm was achieved. To utilize the contrast and
resolution metrics, the thickness of the stainless steel is normalized based on an equivalent
thickness of Ti-6Al-4V alloy that will produce the same level of attenuation. This can be
performed quite easily for energies up to 450 Kev because radiographic equivalence and
conversion factors are well documented [9]. These factors allow for the conversion between
different materials radiographically. To convert from stainless steel to Ti-64 the thickness of the
stainless steel is multiplied by 1.41 to obtain a radiographically equivalent thickness [9]. This is
due to stainless steel’s higher density when compared to Ti-6Al-4V; so, 25.4 mm (1 in.) of
stainless steel is radiographically equivalent 1.41 mm of Ti-6Al-4V. Since the fin is 40mm thick,
56.4 mm of Ti-6Al-4V is the equivalent thickness. Figure 36 shows the probability of detection
for flaws between 0.5 mm and 1 mm in diameter for 40 mm thick stainless steel based on an
equivalent 56.4 mm thickness of Ti-6Al-4V. To calculate the POD for values of energy,
thicknesses, and flaw diameter that are in between the experimental data, both quadratic and
linear interpolation is used. For intermediate values of source energy and component thickness,
quadratic interpolation is used since both of these data sets are quadratic in nature. Intermediate
flaw diameters are calculated though linear interpolation.
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Figure 36 POD for flaw diameters between 0.5mm and 1mm for 56.4mm of Ti-64

With the optimal orientation determined and the inspection plan created, the fin can be
positioned in the DR system as shown in Figure 37. However, a small modification was made to
the orientation of the fin when it was positioned in the DR system to enable the fin to be
positioned easily within the inspection area. This necessitated the fin to be rotated 180° about the
x-axis.

69

Figure 37 Optimal positioning of the fin in the DR system

Rotation about the x-axis does not impact the resulting radiograph because the as-seen
thickness of the fin did not change. Also, additional shielding was placed directly onto the DDA
above the fin to reduce the effects of edge scattering. The entire DR system with the Yxlon
Y.TU450-D10 450 Kev, GE DXR250U-W DDA and fin is shown in Figure 38.
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Figure 38 450 Kev source setup

The exposure times and number of integrations were changed until the radiograph of the
fin used the full energy range of the detector without oversaturating areas of interest. The final
radiograph of the fin can be seen in Figure 39. Examination of the radiograph shows significant
large-scale porosity with diameters of 0.508 mm and 0.764 mm (0.02 in. and 0.03 in.). Examples
of these are shown in Figure 40.
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Figure 39 Radiograph of corner of fin

Figure 40 Example of imaged porosity
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The size of these flaws has good correlation with the contrast and definition metrics that
were created from the experimental data. For a cylindrical flaw with a diameter of 0.764 mm and
a length of 0.400mm, 0.800mm, or 1.60 mm, which corresponds to 4%, 2%, and 1% of the fins
total thickness, the probability of detection is 91%, 20.7% and 21.7% respectively, as shown in
Figure 36.
Initial validation testing of SMART DR through the radiographic inspection of a 40mm
stainless steel fin demonstrated SMART DR’s effectiveness in providing optimal radiographic
orientations and image quality predictions. The computational run-time was sufficiently short to
not impede the progress of the inspection, even with the need for multiple iterations due to
changes in the STL and different areas of interest. The probability of detection metric showed
that flaw sizes of interest were detectable if imaged in the calculated orientation. The total
inspection time was reduced because the iterative imaging process was reduced to a single
optimal orientation. Lastly the radiographs of the fin showed clear indications of small spherical
porosity with diameters between 0.508 mm and 0.764 mm. These flaw sizes were near the
detectability limits provided by SMART DR (see Figure 36) and showed good agreement
between the probability of detection and the experimental results.
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Chapter 7 Conclusion and Future Work
7.1 Conclusion
SMART DR was developed to optimize the digital radiography inspection process for
large additively manufactured components. Digital radiography outperforms computed
tomography for components larger than several centimeters because of unrestricted inspection
volumes, source energies higher than 450 Kev, and better imaging of high aspect ratio
components. SMART DR combines a robust orientation optimization scheme and probability of
detection metric with a user friendly GUI to improve and expedite the DR inspection process.
Optimal radiographic orientations for an area of interest are determined by an efficient
parallelized ray tracing algorithm combined with a genetic optimization scheme to minimize the
penetration thickness of the component. A novel method for predicting flaw detectability was
derived from experimental digital radiography contrast and definition data. By utilizing DR
system specific parameters and component thickness, the probability of detection for a flaw size
of interest can be calculated. Validation was performed through the inspection of a 316 stainless
steel fin produced using the DED process that was 40 mm thick. Conclusions that can be drawn
from this work are as follows.
•

SMART DR reduces the iterative DR inspection process to one or two optimal imaging
orientations and provides a metric for flaw size detectability. Overall, this reduces the
cost and time of inspection by reducing the number of required radiographs to inspect and
qualify a component.

•

SMART DR enables the inspectability of areas of interest such as rapid geometrical
changes or safety critical features, to be analyzed prior to manufacturing. If the in-house
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DR system is not sufficient to inspect the areas of interests, then design changes can be
made to improve the imageability of the area of interest or to strengthen it.
•

SMART DR was designed to have a wide range of application and not specific to a DR
system. Therefore, only seven basic system parameters are required: (1) detector pitch,
(2) width, (3) height, and (4) basic spatial resolution, (5) source energy, and (6) spot size,
and the (7) operating distance.

•

To optimize the DR inspection process, a ray trace algorithm coupled with a genetic
optimization scheme is used to determine the optimal radiographic orientations, and
experimental CNR values, and the Uim of the DR system are used to determine flaw size
detectability.

•

A parallelized back projection algorithm allows for efficient ray path determination for a
given orientation. Computational time is unrelated to the component complexity and
increases with both the number of triangles in the STL and the pitch of the DDA being
used.

•

Experimental data led to the development of an image quality metric that defines
probability of detecting a flaw of a given size. This metric combines the contrast-to-noise
ratio and normalized image unsharpness to incorporate both the contrast and definition of
a DR system.

•

Validation of SMART DR through the inspection of an additively manufactured 40mm
stainless steel fin showed that there was good agreement between the detectable flaw
sizes and the image quality metric. Flaws of 0.76 mm were detected in the radiograph,
and the probability of detection for a .078 mm flaw was 91%, 20.7% and 21.7% of its
length is 4%, 2%, or 1% of the total thickness, respectively. The low probability of
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detection indicates that 0.78mm flaw should be near the limits of the imageability of the
DR system used in this study. No viable flaws smaller then 0.5mm were found on the
radiographs, demonstrating that SMARTS DR image quality metric is viable.
7.2 Future Work
Future work should focus on improving the GUI, decreasing the computational time of
the ray trace algorithm, and increasing the accuracy and fidelity of the probability of detection
metric. Improvements to the GUI will aid in creating a more intuitive and user-friendly
application. Nomenclature and phrasing for prompts and commands should to be updated so that
they are clear and precise to users of all experience levels
. Reductions in the computational time can be achieved in several ways. The most
promising reduction will come from converting/rewriting the algorithm into C++ or Python, both
of these languages having reduced overhead allowing for faster computational speed. In
conjunction with language conversion, increased parallelization through graphic card processing
should further reduce computational time. Finally, removal of for loops and build in functions
would eliminate iterative computations and further reduce overhead. The probability of detection
metric would benefit from a second experiment with a wider range of smaller holes that straddles
the detectability limits of the various energy and component thickness combinations used in this
study. This new data along with a larger amount of sampling would improve both the accuracy
and reliability of the probability of detection metric.
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Appendix A – Coordinate Transformations and Conversions
World Coordinate System (WCS):
The WCS, Figure A-1, Represents the actual inspection volume of the radiographic
system that was selected or created from the detector properties list in the application. Used
when projecting STL vertices to the detector plane and when intersecting rays with the STL.
Initially centered on the geometric middle of the bounding box produced by the component. This
shifts as the user selects inputs and orientations within the application.

Figure A-1 WCS
Detector Coordinate System (DCS):
The DCS, figure A-2 is used after the STL vertices have been projected to the detector to
determine which pixels lay inside each individual triangle. Switch the coordinate system to be
centered on the top right corner of the detector allows for easier indexing and selection of pixels.

Figure A-2 DCS
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Coordinate System Transformations:
Two different coordinate systems are used in back projection ray trace methods and it is
necessary to be able to quickly convert between the two systems. Figure A-3 shows the twodifferent coordinate system and the comparison between them. The transformation between
WCS and DCS is a two stage process first the WCS is rotated so that the axes align with the DCS
then the rotated is translated to the (0, 0, 0) position of the DCS. After being rotated and
translated, the WCS have be transformed into the DCS.

Figure A-3 Comparison of WCS and DCS
The rotation matrix consist of a three, 3x3 matrixes that describe the rotation along the X, Y and
Z axes.
1
0
𝑅𝑥 = 0 cos 𝜃
0 𝑠𝑖𝑛𝜃

0
−𝑠𝑖𝑛𝜃
𝑐𝑜𝑠𝜃

cos 𝜃
𝑅𝑦 = 0
𝑠𝑖𝑛𝜃

0 −𝑠𝑖𝑛𝜃
0
0
0 𝑐𝑜𝑠𝜃

1
0
𝑅𝑧 = 0 cos 𝜃
0 𝑠𝑖𝑛𝜃

0
−𝑠𝑖𝑛𝜃
𝑐𝑜𝑠𝜃

𝑅 = 𝑅𝑥 ∗ 𝑅𝑦 ∗ 𝑅𝑧
By inspection of the WCS coordinate system it can be deduced that by rotating the 180 degrees
about the X and 90 degrees about the Y, the axes can be aligned with the DCS, resulting in the
following rotation matrix.
0
0 −1
𝑅𝑤𝑐𝑠−𝑑𝑐𝑠 = 0 −1 0
−1 0
0
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With the axes of the coordinate system now properly aligned with the DCS, the origin now needs
to be translated to the origin of the DCS (upper right corner of the detector).
𝑇𝑤𝑐𝑠−𝑑𝑐𝑠 = [ 𝐷𝑒𝑡𝑒𝑐𝑡𝑜𝑟𝐻𝑒𝑖𝑔ℎ𝑡 , 𝐷𝑒𝑡𝑒𝑐𝑡𝑜𝑟𝑤𝑖𝑑𝑡ℎ , 𝐷𝑑𝑖𝑠𝑡 ]

Equation A-1

The Detector_height, Detector_wdith, and D_dist indicate the X, Y, and Z location of the upper
right corner of the detector in the WCS as seen in Figure A-4. Each value of T should then be
added to its respective column of the rotated points as shown in the complete transformation as
show below,
𝐴𝑑𝑐𝑠 = (𝐴𝑤𝑐𝑠 𝑅𝑤𝑐𝑠−𝑑𝑐𝑠 ) + 𝑇𝑤𝑐𝑠−𝑑𝑐𝑠
where A is an Nx3 matrix of (x,y,z) points.

Figure A-4 Virtual DDA diagram
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Equation A2

Appendix B – Ti-6Al-4V Experimental Blocks
Table B-1 Thickness and source energy combinations

Thickness
(mm)

Energy (Mev)
4
6

0.45

3

25.4
50.8

x
x

x

76.2

x

x

x

101.6

x

x

x

127

x

x

x

x

152.4

x

x

x

x

x

x

x
x

x
x

x
x

177.8
203.2

8

12

Table B-2 Thickness and flaw Diameter combinations
Flaw Diameter (in)
0.410 0.790 1.194 1.600 1.981 2.387 2.77
25.4
50.8
76.2
Thickness 101.6
(mm)
127
152.4
177.8

x

3.175 3.581

x

x

x

x

x

x
x
x

x
x
x

x
x
x

x
x
x

x
x

x

x
x
x

x
x
x

x
x
x

x
x
x

x
x

x

x

x

x

203.2
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3.962

x

Figure B-1 25.4 mm Block Dimensions
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Figure B-2 50.8 mm Block Dimensions

88

Figure B-3 76.2 mm Block Dimensions

89

Figure B-4 101.6 mm Block Dimensions
90

Figure B-5 127 mm Block Dimensions

91

Figure B-6 152.4 mm Block Dimensions

92

Figure B-7 177.8 mm Block Dimensions
93

Figure B-8 203.2mm Block Dimensions
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Appendix C – Experiment Radiographs

Figure C-1 0.450 Mev Radiographs

95

Figure C-2 3 Mev Radiographs

96

Figure C-3 4 Mev Radiographs

97

Figure C-4 6 Mev Radiographs

98

Figure C-5 8 Mev Radiographs

99

Figure C-6 12 Mev Radiographs
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Appendix D – Probability of Detection
Table D-1 0.450 Mev probability of detection values

101

Table D-2 3 Mev probability of detection values

102

Table D-3 4 Mev probability of detection values

103

Table D-4 6 Mev probability of detection values

104

Table D-5 8 Mev probability of detection values

105

Table D-6 12 Mev probability of detection values
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