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X-ray computed tomography (XCT) plays a critical role in non-destructive evaluation (NDE) of complex parts
in metal additive manufacturing (AM), where characterization of metals in 3D with high spatial resolution is
critical for qualification/certification of manufactured parts. However, for metallic objects, beam hardening
and metal artifacts pose significant challenges for the analysis of reconstructed images from XCT scanners.
This could be further exacerbated due to complex geometry of the part to be scanned as well as the noise and
scattering effects in the measurements. Current methods to mitigate the noise and artifacts typically involve
very long scan times, making several measurements at localized regions of interests (ROIs) with smaller field
of views (FOVs), and development of new algorithm [1-4]. Still, standard approaches produce artifacts for
high quality reconstruction of the complex parts being scanned, which make tasks such as detecting pores and
defects in the parts very challenging.

We have been developing AlI-CT [5], a framework that uses CAD (computer-aided designs) models of the AM
parts, along with physics-based parameters to simulate XCT data with noise/artifacts, and leverages a 2.5D
convolutional neural network (CNN) to learn to suppress noise/artifacts in the synthetically generated XCT
reconstructions. Once the network is trained on the synthetic data, it can be applied to experimental data sets.
While promising preliminary results have been shown, for more complex geometries, modeling of the artifacts
such as metal artifacts and scattering need more detailed information about the X-ray source, measurement
settings and parameters.

In this work, we propose a new framework that extends the capabilities of AI-CT by leveraging generative
adversarial networks [6] and domain adaptation [7]. Figs. 1la and b elucidate the process. Starting from a CAD
model that is passed through a defect generator to simulate a defective AM part, we model an XCT
measurement of the part under study with some default measurement setting, material properties and calibrated
physics-based parameters modeling beam hardening and noise. The simulation output along with a real 3D
XCT measurement of an AM part is used to train a CycleGAN [6] for performing domain adaptation [7]. In
this scenario, the network learns to modify the distribution of the source domain, i.e. simulated XCT volume,
to adapt it to the target domain, i.e. the measured XCT volume. Please note that training CycleGAN is
unsupervised as the source and target data are unpaired dataset. This trained domain adaptation CycleGAN is
then used to generate realistic looking 3D XCT images from the input simulated data. An example of GAN-
generated data is shown in Fig. 1b. A pair of GAN-generated XCT volume and the input CAD model (with
embedded defects) along with the physics-based beam hardening parameters are used to train the AI-CT, so
the network learns to suppress noise and artifacts in the GAN-generated synthetic data to produce high quality
reconstruction. The trained network will then be used on real XCT measurement of AM part that manufactured
with the same material and are scanned with the same setting.

We designed a proof-of-concept study to evaluate the proposed method. In this study, we took a CAD model
(no defect) of an AM part and printed several samples. All these samples were scanned using ZEISS Versa
Xardia 620 [8]. Since no ground truth for reconstruction exists, we performed XCT of the samples at two
different resolutions of 3.8pum and 11.5um. The 3.8um XCT measurement was at a smaller FOV, but ROI
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inside the FOV serves as a high-quality ground truth for the lower resolution measurement at the same ROI.
Two samples from the batch with low and high porosity were chosen. The low porosity sample was
used for domain adaptation using GAN. The other sample was used during testing Al-CT. Examples of results
are shown in the Fig. 2. Fig. 2a, shows a qualitative comparison for a slice from the reconstructed volume that
is between the standard reconstruction (top) and AI-CT reconstruction (bottom). Figs. 2b-d show a more
elaborate example from the ROI. The ROI is measured at ~3X better resolution and every 3 slices in the high
resolution (HR) images correspond to one slice from the low resolution (LR) images. Three consecutive slices
from the HR volume are shown in Fig. 2b. A slice from the down-sampled volume (HR volume is interpolated
(down-sampled) to the same resolution as the LR volume) that corresponds to the three HR slices of Fig. 2b,
is shown in Fig. 2c. Fig. 2d is a slice from the output of standard reconstruction algorithm. The output volume
is post-processed to remove beam hardening and metal artifacts. Fig. 2e is the corresponding slice from Al-
CT's output. The sharpness, high quality and very low noise level of the AI-CT results are evident. In addition,
it is clear that AI-CT's high-quality reconstruction has significantly improved the pore detection capability
from the LR scan. While these preliminary results are promising, further analyses are being performed to study
generalizability of the approach to different measurement settings, scan times and materials.
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Figure 1. Figure 1. a) AI-CT algorithm with GAN-based Domain Adaptation. b) A slice from different
volumes (CAD with embedded defects, simulation, measurement and GAN-generated data) that are used in
the algorithm.
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Figure 2. Figure 2. a) a qualitative comparison between AI-CT and standard reconstruction for a single slice
from the 3D volume. b) Three consecutive slices from the 3D volume at 3.8um resolution (HR data). c)
Corresponding downsampled slice from HR data. d) Standard reconstruction from a measurement at 11.6um
resolution (LR data). e) AI-CT output based on LR data.
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