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ARTICLE INFO ABSTRACT

Dataset link: https://doi.org/10.18434/mds2-3 In situ X-ray tomography experiments provide powerful insight into material deformation and damage
876 evolution under mechanical load. However, laboratory-based tomography instruments often suffer from long

acquisition times that limit temporal resolution. In this work, we evaluate a deep-learning-based reconstruction

i;mms‘ﬂence method capable of producing high-quality volume reconstructions from sparse (10x fewer) projection datasets.
Deep learning We apply this approach to in situ tensile experiments on additively manufactured Inconel 718 dog-bone
In situ specimens, increasing sampling density from a few tomography scans per experiment to over 20 scans
X-ray microscopy at different load steps. We compare conventional Feldkamp-Davis—Kress (FDK) reconstructions using 1001
X-ray mmo_graphy projections with both (a) FDK reconstructions using 101 projections and (b) deep-learning reconstructions using
Electron microscopy 101 projections. Qualitative and quantitative comparisons between reconstructions show that the deep-learning
Fracl.ogr_aphy . approach reduces noise and preserves major structural features, enabling reliable tracking of pore evolution
Mechanical properties

High throughput
Additive manufacturing
Inconel

during deformation. However, differences in intensity distributions and boundary smoothing introduced by
the deep learning reconstruction influence segmentation results, particularly for small and intermediate pore
sizes. These effects lead to differences in pore size distributions compared to traditional reconstructions.
The deep-learning workflow substantially increases temporal resolution, enabling observation of deformation
mechanisms such as pore growth, coalescence, and shear band formation that would otherwise be difficult to
capture. These results demonstrate that deep-learning-enabled sparse acquisition provides a practical approach
for accelerating laboratory in situ XCT experiments, particularly for studies focused on feature tracking and
qualitative defect evolution.

1. Introduction

illuminated ductility loss in wire-arc AM aluminium [5] and high-
temperature damage in laser powder bed fusion (L-PBF) Invar 36 [6].

X-ray computed tomography (XCT) is a cornerstone of three-
dimensional, non-destructive characterization across disciplines rang-
ing from rock mechanics and battery science to structural composites
and biomaterials. When combined with in situ stimuli—mechanical
load, temperature, fluid flow, or chemical attack—XCT reveals the
real-time evolution of internal features such as pores, cracks, or phase
boundaries, enabling mechanistic insight that is inaccessible to surface
techniques [1,2].

Among the most compelling applications is the study of additively
manufactured (AM) alloys, where process-induced defects strongly in-
fluence performance. Synchrotron in situ XCT has clarified how pore
morphology and heat-treatment dictate failure in AM stainless steel [3],
and has quantified pore shape changes in directed-energy-deposited
Inconel 718 during monotonic tension [4]. Similar approaches have
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Work by Samei in AlsiMg [7], CuSn [8], and AZ31 [9] have clearly
elucidated the benefits of in situ XCT. Samei’s studies were able to
closely track the shape evolution of defects during loading, showing
behaviors such as pore migration to the surface, crack initiation, and
void nucleation [7-9]. Through these observations, researchers were
able to link the composition and processing parameters back to the
mechanical behavior [9]. These studies underscore the power of time-
resolved 3-D imaging for linking microstructure to mechanical response
in AM components.

Synchrotron facilities require only millisecond exposure times
thanks to high flux and fast CMOS detectors; some facilities have
demonstrated continuous acquisition for in-situ studies ranging from
20 Hz rates [1], to sub-millisecond [10,11] and up to near-real-time
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imaging [12]. In contrast, laboratory-based XCT systems typically
require hundreds to thousands of projections with seconds-long expo-
sures, stretching a single scan to tens of minutes. The need to pause
loading during each scan limits temporal resolution and can introduce
artefacts from stress relaxation or drift. High-resolution scintillator-
coupled detectors exacerbate the trade-off between speed and magnifi-
cation due to long refresh times, whereas flat high-refresh rate detectors
sacrifice spatial resolution.

Low temporal resolution makes many analysis tasks more difficult.
In AM, 4D deformation datasets are commonly paired with Digital
Volume Correlation (DVC) [13,14] or defect tracking/evolution stud-
ies [5]. A primary challenge for all of these quantification approaches
is registering datasets across time steps. Deformation and movement
of the material makes registration a non trivial task. When 4D datasets
have low temporal resolution there can be major changes in the sample
between datasets, making registration even more difficult. This has led
to the creation of many robust registration methods [15,16]. It has also
generated some non-traditional acquisition techniques, such as relying
on X-ray radiography instead of full tomography [13,17].

Acquiring many tomographies at a high rate makes the problem
more tractable because sample changes are minor from step to step.
It also enriches material modeling from the 4D dataset; high tempo-
ral density requires less interpolation between time steps. The long
acquisition times associated with laboratory XCT prevent collecting
tomographies at a high rate.

To mitigate these constraints, researchers have explored hardware
and algorithmic solutions. On the hardware side, continuous-rotation
stages and fast flat-panel detectors shorten cycle time but constrain
optical magnification [18]. Algorithmically, iterative and model-based
reconstructions that incorporate computer-aided design (CAD) priors
recover volumes from tens of projections [19,20]. Reconstruction from
sparse, ‘golden angle’ tomographies has been a long-used approach
to retain reconstruction quality while reducing scan time [21]. More
recently, deep-learning (DL) approaches — including noise2noise [22]
and just-in-time neural reconstruction — have produced high-quality
reconstructions from sparse projection sets at synchrotrons and, to a
limited extent, in the lab [2,23]. In specific cases, researchers have
been able to perform full 4D reconstructions from just two projections
at each time step [24].

Here we test a general DL reconstruction framework, DeepRecon
[23], that overcomes two key limitations of existing methods: (i) it
requires no pre-training on external datasets and instead learns directly
from a single full-projection scan of the specimen under study, and
(ii) it is detector-agnostic, operating equally well with high-speed flat
detectors and high-resolution objective-coupled detectors. Applying
DeepRecon to laboratory in situ tension tests on laser-powder-bed-fused
Inconel 718, we reduce the projection count by an order of magnitude
(1001 — 101) and the scan time from approximately 45 min to approx-
imately 8 min per load step. This allows us to capture 16 tomographies
during a single tensile experiment, compared to 4 tomographies col-
lected in the same amount of time previously. This is all done while
preserving segmentation fidelity for pore tracking.

The remainder of the paper details the experimental setup (Sec-
tion 2), evaluates reconstruction and segmentation quality (Section 3),
and discusses implications for high-throughput 4-D characterization of
AM metals (Section 4).

2. Materials and methods

2.1. Sample preparation and setup

Dog-bone tensile coupons of Inconel 718 were fabricated by LPBF on
a EOS M290° system equipped with a 330 W Yb-fiber laser, lasing with

2 Certain commercial equipment, instruments, or materials are identified
in this paper in order to specify the experimental procedure adequately. Such

Table 1
Manufacturing parameters for laser powder bed fusion manufacturing of the
dogbone specimen.
Laser Scan Speed Layer Build
Power (W) (mm,/s) thickness(pm) orientation (*)
330 1770 30 0 62

Laser energy
density (J/mm?)

nominal volumetric energy density of 62Jmm~2 (Table 1). Spherical
IN718 powder, supplied by 3D Systems and recycled to 3D Systems’
usability standards, was spread in 30pm layers under a flowing argon
atmosphere [25]. Coupons were built with their gauge axis vertical (z
direction), i.e., parallel to the build direction, to minimize anisotropy.
They were cut using wire electrical discharge machining from the grip
section of larger fatigue coupons built for a previous study [25]. The
coupon geometry is the same as that used in [17], with a 0.7 mm by
0.3 mm gauge cross-section and 2 mm gauge length.

Each coupon was prescreened in a ZEISS Xradia Versa 630 using a
4x objective at 3.950(146) um/px (see Table 2). A simple global Otsu
threshold identified pores larger than 5 voxels. We selected a specimen
exhibiting an initial porosity fraction of 0.051(1) % to ensure sufficient
internal features for defect-tracking validation.

Coupons were mounted in a Deben CT5000 [26] micro-tensile stage
using custom titanium grips and aligned optically to keep the gauge
volume centered in the 4 mm field-of-view during rotation. The X-ray
source was pushed as close to the Deben stage as possible without
collision to maximize X-ray flux and image intensity. The detector was
positioned to balance the field of view with pixel resolution. The final
detector position was chosen such that the entire sample gauge was in
the field of view, but nothing more. As displacement was applied, the
bottom portion of the gauge moved out of view, while the top portion
remained fixed.

2.2. Data collection

2.2.1. Mechanical loading

Tensile tests were conducted in a Deben CT5000 micro-tensile stage
equipped with a SkN load cell. The gauge region was aligned vertically
and centered within the X-ray field-of-view. Loading was displacement-
controlled at 0.10 mm/min or 3.3x107? /s nominal strain rate. After a
10N preload, the specimen was pulled in 25 pm increments up to the
onset of plasticity; beyond that point, step size increased to 100 pm.
Immediately after each displacement increment the cross-head was
stopped and a tomography acquired.

A comparison between the traditional in situ workflow and the
deep-learning based workflow can be seen in Fig. 1a. One high pro-
jection density (1001 projections) scan at 10N served as the training
input for the deep learning model. Thereafter, a total of 16 sparse-
projection (SP) scans (101 projections) were collected at successive load
steps. Additional high density scans (1001 projections) were collected
at crosshead displacements of 30pum and 250 pm, or crosshead strains
of 0.14% and 2.37% respectively. The additional HD scans were re-
constructed using the Feldkamp-Davis-Kress (FDK) algorithm [27] and
used for validation of segmentation results.

Fig. lc plots the force-displacement history; periodic force drops
coincide with tomography pauses, during which the specimen relaxed
elastically. At later displacement steps (after 425 pm) the sample was
loaded in increments of 25pm to prevent breakage; once significant
plasticity had been observed (at 750 pm) a penultimate tomography was
taken, along with a final tomography after fracture at 800 pm.

identification is not intended to imply recommendation or endorsement by
NIST, nor is it intended to imply that the materials or equipment identified
are necessarily the best available for the purpose.
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Fig. 1. (a) Overview of the traditional workflow (top) compared to the sparse, deep-learning based workflow. (b) Dogbone geometry for the samples used in this
study. Image reproduced with permission from Kafka et al. [17]. Dimensions in mm. (c) Force—displacement curve for the sample studied.

2.2.2. X-ray and electron microscopy

X-ray imaging was performed on a ZEISS Xradia 630 Versa X-ray
microscope. Key parameters are summarized in Table 2. Briefly, scans
used a 140kV, 21 W polychromatic beam filtered with the ZEISS HE2
filter. A 4 x scintillator-coupled objective produced an effective voxel
size of 3.9512pum. Each projection was exposed for 2s and digitized
at 32bit. Scans covered 360° rotation with an angular step of 0.36°.
Raw projection sets were archived in 32-bit TIFF format. After recon-
struction (Section 2.3), volumes were exported as 3-D TIFF stacks for
segmentation and pore-tracking analysis.

Scanning electron microscopy (SEM) was performed with a ZEISS
Gemini 460 microscope. All images were acquired with secondary
electron (SE) imaging. Additional metadata, including pixel size and
scale bar, are included in the images.

2.3. Deep-learning reconstruction

Deep learning reconstruction was performed using the commercially
available ZEISS DeepRecon Pro model within the ZEISS Advanced
Reconstruction Toolbox (ART) version 4.0 [22,23,28,29]. DeepRecon
Pro is a previously developed deep-learning reconstruction framework
and is evaluated in this work; no modifications to the architecture or
training procedure were performed.

Table 2

X-ray acquisition parameters for high-density (“HD”) and sparse (“SP”) scans.
Parameter HD scan SP scan
Projections (N) 1001 101

Exposure time per proj. (s) 2 2

Total scan time (min) =45 ~8
Rotation range (°) Full 360 Full 360
Angular step (°) 0.36 36
Source power (W) 21 21
Source voltage (kV) 160 160
Pixel size (pm) 3.9512 3.9512
Source-Sample Distance (mm) 70 70
Sample-Detector Distance (mm) 334 334
Filter HEZ2 HE2
Optical Magnification ax 4
Binning 2 2
Adaptive Motion Compensation No No

The DeepRecon approach is based on a self-supervised noise-to-
noise convolutional neural network framework [22,23,28]. A full-
projection dataset (1001 projections) was first acquired and used for
model training. The projection dataset was internally split into training
pairs to estimate noise characteristics and train the model to suppress
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Fig. 2. Comparison of reconstruction results at 0 pm displacement step using (a) the FDK algorithm and 1001 projections, (b) the FDK algorithm and 101

projections, (c) deep learning reconstruction and 101 projections.

noise and improve reconstruction quality. Once trained, the model
was applied to sparse-projection datasets (101 projections) collected
at subsequent load steps.

The reconstruction model is based on a U-Net-like convolutional
neural network architecture that operates on 3D volumes using a
2.5D approach. The network processes volumetric tiles of 512 x 512
x 5 voxels and consists of three primary components: a contracting
path, an expanding path, and skip connections. The contracting path
contains convolutional and pooling layers that extract hierarchical
features, while the expanding path performs upsampling and feature
reconstruction. Skip connections preserve spatial information and im-
prove reconstruction fidelity. Additional convolutional layers refine the
reconstructed output and enhance feature recovery [23].

A full density 1001 projection dataset is used for model training.
The initial projection dataset is split into testing and training pairs that
are used to estimate the noise level in the data. Training is performed
using the Adam optimizer with a learning rate of 0.0002, batch size of
8, and approximately 10,000 training iterations. The model is trained
to reduce noise and enhance contrast in the images. Once the model is
trained, it is used to produce the de-noised 3D reconstructed volume.
Reconstructions were performed in the proprietary Scout and Scan
Reconstructor platform [30] using the proprietary ZEISS Advanced
Reconstruction Toolbox (ART) version 4.0.

Training was performed on a GPU (Nvidia RTX4090). Training time
was approximately 1 h and 45 min, while inference for each sparse-
projection dataset required approximately 5 min. Reconstructed vol-
umes were exported as 32-bit floating-point TIFF stacks (3.89 pm voxel
size) and passed to the segmentation pipeline described in Section 2.4.

To evaluate reconstruction fidelity, deep learning reconstructions
were compared to full-projection FDK reconstructions using structural
similarity index measure (SSIM) [31], intensity histogram comparisons,
and segmentation-based pore analysis.

Because DeepRecon Pro is a commercially available proprietary
tool, internal training metrics such as gradient evolution, loss conver-
gence curves, and additional hyperparameter settings are not accessible
to the user. However, architecture and training details are documented
in prior publications and vendor documentation [32].

2.4. Segmentation, registration, and pore tracking

All image analysis was performed in Python 3.11 (Anaconda dis-
tribution) using imppy3d v1.2.3 [33], SimplelITK v2.3.1 [34-36],
scikit-image v0.23 [37], and numpy v1.26 [38]. The complete
segmentation pipeline and Conda environment .yml is available in
the supplementary materials.

A global Otsu threshold [39] (T,) was computed on the initial
load step to segment the sample and internal pores. This threshold was
then used for segmentation of all subsequent volumes. Voxels with gray
value < Ty, were labeled “pore”. Binary volumes were cleaned by
a 3-D morphological opening (radius 1 voxel) followed by removal of
connected components smaller than 27 voxels (equivalent to a spherical
pore of diameter 11.8 pm). Successive volumes were registered to the
zero-load DL reconstruction using a rigid transform in SimpleITK.
Optimization employed Pearson’s correlation coefficient, a gradient-
descent step size of 0.5 voxel, and a convergence tolerance of 1 x 1075.
w
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Fig. 3. Comparison between FDK and DL reconstructed volumes. (a) Pixel-wise SSIM at slice z=133 through the sample for the three loadsteps with FDK
reconstructions. (b) SSIM measured inside the sample region for three loadsteps. (c—e) Intensity histograms for DL (blue) and FDK (orange) reconstructions at the

10 pm, 30 pm, and 250 pm displacement steps.
3. Results
3.1. Raw reconstruction and mechanical results

A comparison of the same 2D slice through the sample under various
reconstructions can be seen in Fig. 2. The standard FDK reconstruction
with 1001 projections at 10N load can be seen in Fig. 2a. When recon-
structed using only 101 projections and the FDK algorithm, as shown in
Fig. 2b, the noise increases significantly and internal features become
obscured. Some of the largest pores in the slice can still be observed
in the FDK 101 projection reconstruction, but all medium and small
pores are lost to the increased signal-to-noise ratio. By comparison, the
DL reconstruction, on the right in Fig. 2, demonstrates decreased noise
in both the air and the Inconel, while retaining the contrast necessary
to measure the smallest pores. The filters used in the DL reconstruction
do cause some blurring at the boundaries of features. Close inspection
of the samples’ internal pores show slight distortion at the edge. This
will impact the sample segmentation, as discussed later.

Fig. 3 provides more in depth analysis of differences between the
FDK and DL reconstructions. Fig. 3a shows the difference between the
FDK and DL reconstructions (for a single slice of the volume). The
difference was computed as (Imagegpy — Image, )/max(Imagegpy ). The
vast majority of the difference inside the sample are single pixels with
slightly different intensity values due to speckle noise. For the 10pm
and 250 pm displacement steps, there are some larger differences at the
edge of the sample and at the edge of pores. These regions are only a
few pixels in width total.

The SSIM was also computed for the reconstructed volumes. Each
slice in the DL and FDK reconstructions were compared against each
other using the SSIM, as shown in Fig. 3b. The majority of images had
a similarity value near 0.9 The worst matching images had an SSIM as
low as 0.8.

The image intensity histograms in Fig. 3 reveal where some of the
differences between the reconstructions arise. The DL reconstruction
tends to sharpen intensity peaks by removing the speckle noise, while
also pushing these peaks toward slightly high values. The peak shift
arises from the enhanced contrast of the DL reconstruction.

3.2. Segmentation results

A 2D segmentation comparison looking down the gauge can be seen
in Fig. 4. The top most images (a and b) show the reconstructed slice,
while the middle images (c and d) show the segmented sample, and
the bottom images (e and f) show the segmented internal porosity.
The areas highlighted by boxes show pores that demonstrate significant
differences in size between the FDK and DL reconstructions. Blurring
can occur in the DL reconstruction that slightly erodes the edges of
pores. For the smallest pores, this can mean that the pore is entirely
lost in the DL segmentation. For mid-sized pores, while the pore is still
present enough to be segmented, the segmented volume trends lower
compared to the FDK segmented pores due to the eroded edges. For the
largest pores, differences between the FDK and DL reconstructions are
only a few pixels in size. The only noticeable difference is that regions
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Fig. 4. A comparison of segmentation results between FDK and deep learning reconstructions. (a) 2D slice of an FDK reconstruction with 1001 projections.
(b) 2D slice of a DL reconstruction with 101 projections. (c) Segmentation of the sample from FDK reconstruction. (d) Segmentation of the sample from DL
reconstruction. (e) Segmentation of porosity from FDK reconstruction. (e) Segmentation of porosity from DL reconstruction. Red boxes in (e) and (f) are meant
to highlight pores that are distorted between the FDK and DL reconstructions.
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of high curvature on the edge of the pore can be slightly distorted, again
due to blurring.

The qualitative segmentation results shown in Fig. 4 are backed up
by quantitatives comparison shown in Fig. 5 & 6. A histogram com-
parison of the DL reconstructions and full 1001 FDK reconstructions at
displacement steps 10pm, 30 pm and 250 pm are shown in this figure,
reinforcing that the FDK segmentation produces many smaller pores.
The larger pores in the FDK reconstruction tend to be smaller than
their counterparts in the DL reconstruction, again due to blurring at
the edge that causes the DL segmentation to bleed outward into the
sample region.

A statistical view of the pore evolution as load increase is shown
in Fig. 6. The y-axis shows the mean/median volume of segmented
pores across each load step on the x-axis. The three load steps that
were collected with 1001 projections and reconstructed using the FDK
algorithm are shown in red. The previous qualitative and quantitative
results shown in Figs. 2 & 5 are repeated here; the mean and median
FDK reconstructions tend much closer to smaller values owing to
the presence of small voids in the FDK segmentation. The difference

between the median DL and FDK reconstructions is small at load-
steps 10pm, 30 pm, and 250 pm. The mean values have a much larger
difference because the mean is more strongly affected by biases and
outliers.

The behavior of the mean/median pore volume across loading in the
DL reconstructions (blue/orange markers respectively) is as expected:
the pore volume increased with increasing tensile load. There is some
variation in the pore volume across load steps especially in the early
displacement region. This is likely due to the aforementioned relaxation
that occurs while the sample is held statically for tomography.

Fig. 7 shows a comparison between FDK and DL segmentation
results for one of the largest pores. For every dataset compared, the
segmented pore areas are within a few pixels of each other. However,
it can be clearly seen that there is a difference in shape between the
segmented pores. Whereas FDK reconstructions tend to maintain sharp
features, blurring filters used by the DL approach tend to round out
internal porosity. This has implications for in situ studies that are

quantifying pore shape and defect type.
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3.3. Fractography

SEM fractography was performed on both halves of the fractured
sample; emphasis was placed on the upper half because it revealed
more interesting features. Relevant fractography images of the upper
half are shown in Fig. 8. Multiple failure modes were observed. The
dominant failure mechanism was ductile fracture as evidenced by
microvoid coalescence (Figs. 8a and c). Microvoid coalescence can be
seen across almost the entire fracture surface. The fracture surface also
appears to have permeated through (or originated at) this pore.

Striations are also apparent on the fracture surface, indicative of
shear banding before failure. These striations are especially apparent in
Figs. 8a and c. These striations correspond with a large internal pore,
in the upper right hand side of 8a.

Intergranular and intragranular fracture is also observed at several
sites. Intergranular fracture is most clear in Fig. 8a. Several grain

boundaries can be observed by their flat faces that are devoid of
microvoids. Intragranular fracture is evidenced in Fig. 8b. This image
shows what appears to be a large inclusion particle sitting inside a
void. The rough facets of the grain face indicate fracture occurred
through the crystal, instead of at a boundary. All of the fracture
behaviors observed are consistent with Inconel 718’s known fracture
mechanisms [40].

4. Discussion
4.1. Reduction of tomography acquisition time

Previous in situ studies on from the same build plate required
45 min of instrument time to collect 1001 projections [17]. The four

tomography points acquired by Kafka et al. amounted to around 3 h of
instrument time total [17]. In this experiment, we acquired an initial
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Fig. 8. SEM Fractography of the upper failure site. (a) Overview of the fracture surface from the lower sample half. (b) Fracture surface featuring a large internal
pore, grain facets, and microvoid coalescence. (¢) Large internal feature, possibly an inclusion, through the fracture surface. (d) Close-up view of microvoids and

striations on the fracture surface.

dataset of 1001 projections to train the model (45 min). All subsequent
tomographies were acquired with 8 min of instrument time to collect
101 projections. That is a 5x improvement in scan speed and a 10x
reduction in data acquisition. Over the course of 3 h, we were able
to acquire 16 tomographies in total, representing a 4x increase in
sampling density over previous experiments.

This is a considerable increase in sampling density, especially for
dynamic in situ experiments that may have features (like cracks) that
suddenly appear. It is much easier to observe these features when
acquiring many tomographies over the course of an in situ experiment.
Furthermore, it enables even higher fidelity quantification than low
density sampling, as described in the next section.

A key advantage is that the sample can be continuously loaded
with minimal interruption, mitigating relaxation and slippage. Some
slippage was observed (force drops without apparent fracture, shown
in Fig. 1b), but overall, pore movement and coalescence were clearly
visualized.

4.2. Analysis of pore segmentation

The success of pore segmentation from the DL reconstruction, com-
pared to traditional FDK reconstruction, depends largely on the type
of analysis being performed. Researchers typically need very accurate
measurement of pore shapes [41], or they need to calculate how
many pores are in the sample [42]. In many cases both analyses are
required [20,43-45].

Figs. 5 & 6 demonstrate that the DL and FDK segmentations differ
for small pores. Blurring by the DL reconstruction obfuscates some of
the smaller pores. On the one hand, DL reconstruction removes speckle
noise that may be segmented as a small ‘pore’ but is really just a few
bright pixels. We can conclude that the DL segmentation contains fewer
pores of smaller volume and that the size/shape of pores is slightly
altered due to blurring. However, we must keep in mind the impact

of the segmentation method used. Here, we used a simple thresholding
segmentation. A more robust/complex segmentation approach, such as
machine-learning or neural network based segmentation, may improve
results. We cannot definitively say if the differences arise only because
of the DL reconstruction, or the segmentation method used, or both.

In addition to differences observed in small pores, the deep learning
reconstruction also alters the distribution of mid-sized pores, as shown
in Fig. 5. These differences arise from two primary effects introduced
by the deep learning reconstruction. First, the deep learning recon-
struction modifies the intensity histogram of the reconstructed volumes,
as shown in Figs. 3c—e. The reduction in speckle noise and increased
contrast shift the grayscale distribution, which affects threshold-based
segmentation.

Because the segmentation in this study was performed using an
automated Otsu threshold, differences in intensity histograms lead to
different segmentation thresholds between datasets. As a result, some
pores may be slightly over-segmented or under-segmented when com-
paring deep learning and FDK reconstructions. This effect contributes
to differences in the observed pore size distributions, including the
absence of certain peaks in the deep learning distributions.

Second, the deep learning reconstruction introduces slight smooth-
ing at pore boundaries, as illustrated in Figs. 4 and 7. These boundary
modifications alter pore shapes and volumes. Even small changes in
boundary definition can propagate into measurable differences in pore
volume, particularly for mid-sized pores. Thus, segmentation differ-
ences are not limited to sub-voxel-scale features but may influence
intermediate pore sizes as well.

These effects complicate one-to-one comparisons between segmen-
tation results. In this study, we intentionally applied the same seg-
mentation method (Otsu thresholding) to both datasets without manual
tuning. An alternative approach would have been to adjust segmenta-
tion parameters to enforce agreement between distributions. However,
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Fig. 9. The onset of shear banding during the final displacement steps. Fracture occurred across a pore, highlighted by the red arrow.

doing so would shift the focus of the study from evaluating reconstruc-
tion fidelity to evaluating segmentation tuning. Therefore, we elected
to apply identical segmentation workflows and report the resulting
differences directly.

These findings suggest that deep learning reconstruction is well-
suited for tracking larger defects and observing qualitative trends in
pore evolution, but caution should be exercised when interpreting ab-
solute pore size distributions or when quantitative analysis of mid-sized
features is required.

Users of deep learning reconstruction should walk away with this
impression: segmentation of features from DL images match for the
largest (easily distinguishable) features inside the sample. It may not be
as reliable for segmentation of finer features near the pixel resolution of
the dataset, especially when using the exact same segmentation method
to compare results across FDK and DL reconstructed datasets.

4.3. Observation of shear banding

Some deformation mechanisms may not be observed during in situ
experiments with too few acquisition points. Often, when tomographies
are collected only at the beginning and end of an in situ experiment, it
can be difficult to ascertain how exactly deformation occurred, where,
and its impact on the mechanical properties. The benefit of taking many
tomographies throughout an experiment is that these behaviors now
become visible.

One example is seen in Fig. 9, where it appears that shear banding
occurred inside the region shown in the red box. A portion of the

sample edge appears to straighten out, a common indicator of a shear
band. The fracture surface also cleaved through this region.

The follow-up fractography revealed a complicated fracture surface,
as shown in Fig. 8. The pore highlighted in Fig. 9 is the same pore
seen in Fig. 8b. The fracture surface cleaved through this pore or at
its boundary. The rest of the fracture surface shows a combination of
ductile fracture, evidenced by microvoid coalescence in Fig. 8d, and
intragranular fracture, seen in Fig. 8b and c.

These complex deformation mechanisms were easily observed be-
cause deep learning reconstruction enabled many tomographies to be
collected throughout loading. Traditionally, researchers would have
to carefully observe the sample during loading to catch this kind of
behavior and then choose to acquire a tomography at this load step.

5. Conclusion

This study demonstrates that a self-supervised deep-learning recon-
struction strategy can unlock high-throughput in situ X-ray computed
tomography on laboratory instruments for additively manufactured
metals. Training DeepRecon directly on a single 1001-projection refer-
ence scan enabled faithful reconstruction of 101-projection tomogra-
phies acquired in ~ 8 min—an order-of-magnitude reduction in scan
time compared with conventional Feldkamp-Davis—Kress (FDK) recon-
struction. The resulting dense time series (16 scans during monotonic
tensile loading of LPBF Inconel 718) captured pore growth, coales-
cence, and final fracture with a temporal resolution to observe key
features.
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The methodology does have limitations. Deep learning reconstruc-
tion alters intensity distributions and introduces mild smoothing at
feature boundaries, which can affect segmentation results. These effects
propagate beyond sub-voxel-scale features and may influence inter-
mediate pore sizes, particularly when threshold-based segmentation is
used. As a result, absolute pore size distributions derived from deep
learning reconstructions may differ from traditional reconstructions.
However, larger defects and qualitative trends in pore evolution remain
well preserved.

Extending the framework to cyclic loading, elevated temperatures,
and other alloy systems will further establish deep-learning-enabled
laboratory XCT as a routine tool for mechanistic studies of additively
manufactured components.

In summary, the proposed deep-learning workflow provides a prac-
tical approach for accelerating laboratory in situ XCT experiments,
particularly for studies focused on feature tracking, deformation evolu-
tion, and qualitative defect analysis. While differences in segmentation
fidelity should be considered when interpreting absolute pore size dis-
tributions, the approach substantially increases temporal resolution and
enables observation of deformation mechanisms that would otherwise
be difficult to capture. These advantages make deep-learning-enabled
sparse acquisition a valuable tool for many in situ XCT applications,
though its applicability should be evaluated carefully depending on the
quantitative requirements of a given study.
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