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DYRECT Computed Tomography: DYnamic
Reconstruction of Events on a Continuous
Timescale

Wannes Goethals, Tom Bultreys, Steffen Berg, Matthieu N. Boone, Jan Aelterman

Abstract—Time-resolved high-resolution X-ray Computed To-
mography (4D pCT) is an imaging technique that offers insight
into the evolution of dynamic processes inside materials that are
opaque to visible light. Conventional tomographic reconstruction
techniques are based on constructing a sequence of 3D images
from radiographic projections, recorded during time-frames
that represent global sample states. This frame-based approach
limits the temporal resolution compared to dynamic radiography
experiments, and it leads to an inflation of the amount of data.
This results in costly post-processing computations to quantify
the dynamic behaviour from the sequence of time-frames, hereby
often ignoring the temporal correlations of the sample struc-
ture. Our proposed 4D pCT reconstruction technique, named
DYRECT, estimates individual attenuation evolution profiles for
each position in the sample with time resolution down to the
single projection level. This leads to a novel memory-efficient
event-based representation for samples that display sudden,
irreversible transitions over time. As little as three image volumes
suffice for a broad range of applications: the initial attenuations,
the final attenuations and the local transition times. This third
volume represents spatially distributed events on a continuous
timescale instead of the discrete global time-frames. We propose
a method to iteratively reconstruct the transition times and the
attenuation volumes. The dynamic reconstruction technique was
validated on synthetic ground truth data and experimental data,
and was found to effectively pinpoint the transition times in
the synthetic dataset with a time resolution corresponding to less
than a tenth of the amount of projections required to reconstruct
traditional ;CT time-frames.

I. INTRODUCTION

4D X-ray imaging is a powerful tool to observe ongoing
dynamic processes inside optically opaque materials non-
destructively. Hardware developments have led to the ability
of performing tomoscopy, which is uninterrupted, continuous
uCT acquisition at high frame rates while dynamic processes
occur in-situ within the sample [1, 2]. The dynamic uCT data
is typically acquired and processed in software as an image
sequence of 3D attenuation volumes. From the evolution of
X-ray attenuation coefficients in the sequence of yCT images,
the experimenter is able to perceive local changes in structure
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that occur in-between the consecutive scans. As a result,
in-situ pCT scanning methodologies have helped visualizing
and studying dynamic processes for applications in various
fundamental research domains [3]. Prominent examples are
fluid flow scans in porous media [4], mechanical loading [5],
medical examination [6], additive manufacturing [7], and
pharmaceutical processes [8]. As a result, this quantitative
visualization technique enables academia and industry to
design more efficient processes or to understand failure
mechanisms in the search for more durable development.

When dynamic changes occur in the sample during
the acquisition, this acquisition becomes a methodological
resource to observe the dynamics at the highest temporal
resolution. Two major challenges for dynamic pCT imaging
are achieving sufficiently high temporal resolution and
maintaining an overview over the ever larger datasets. The
first challenge stems from the observation that frame-based
reconstructions are limited in their temporal resolution by the
duration of the time-frames in which sufficient projections
are acquired for 3D reconstructions. This duration increases
at better spatial resolution and signal to noise ratio. This
is mainly an issue in applications with a relatively high
dynamic speed compared to the current time scales that
are available in lab-CT setups or at synchrotron facilities.
For instance, fluid flow in porous media can display rapid
pore-filling events with individual timescales around the
millisecond [9]. This is orders of magnitude below reported
time-frame durations for continuous pCT scanning, which
are around seconds for lab-CT and fractions of seconds for
synchrotron imaging, considering the addition of peripheral
equipment for in-situ control over the fluid flow [10, 11].
Unresolved dynamics that occur during the acquisition lead
to motion artefacts, and are therefore often seen as a nuisance
that should be mitigated in order to preserve an optimal
image quality. Therefore, more advanced reconstruction
techniques are required to extract that valuable information
from in-situ dynamic scans. When higher temporal resolution
is desired, radiographic techniques are often used to observe
dynamics with temporal precision down to the projection
level, albeit in a 2D projective view [12]. For this reason,
many techniques were developed to bridge this gap between
radioscopy and tomoscopy by modelling temporal changes in
the sample at higher frequencies than the conventional rate
of filtered backprojection methods. These are mostly iterative
methods instead of analytic reconstruction techniques, since
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they are more flexible to drop the assumption of a static
sample and to exploit prior knowledge in spatial or temporal
domain about the sample [13]. Two major complementary
domains in iterative reconstruction for dynamic pCT are
motion-compensated reconstruction [14, 15, 16, 17, 18, 19]
and sparse view or limited view reconstruction
techniques [6, 20, 21, 22, 23, 24, 25, 26]. These current
state-of-the-art techniques for dynamic CT reconstruction
result in 4D datasets that represent a time sequence of 3D
frames. Their gains in temporal resolution are therefore
usually quantified by the decrease in number of projections
while maintaining sufficient image quality in the spatial
domain.

While the frame-based approach allows great dimensional
freedom in the many individual frames of the limited
view reconstructions, this reflects in a large memory
consumption in the output of these methods. This leads to
the second challenge, namely processing large datasets while
remaining sensitive to smaller details. Often, data acquisition,
reconstruction, segmentation and interpretation of dynamics
are treated frame by frame [3]. This divide-and-conquer
strategy inhibits a data processing pipeline that can ultimately
trace back the derived dynamics to the original acquisitions,
which is needed to confirm new experimental findings that
are at the limits of the achievable temporal resolution.

To find a way around the large amount of data that
is encountered in frame-based reconstruction techniques
for dynamic uCT, our proposed approach is to impose a
low-parameter-count model of the attenuation evolution inside
individual voxels and to estimate these parameters directly
from the raw projection data, i.e. without reconstructing a
sequence of many discrete CT volumes as a restrictive step.
The rationale behind this low parameter count is that many
experiments are very sparse in terms of dynamics that occur,
which makes it highly applicable. Often, researchers are
interested in the emergence of cracks [5, 27], dissolution [§]
or precipitation [28] of material, or displacement of
fluids [4, 13, 29]. In a fixed coordinate system, these
dynamics can be presented as a set of events: localised
transitions from the initial attenuation to the final attenuation
of a selected region. An additional advantage of using
low-rank temporal models is that projection preprocessing
techniques can be used with lower computation time to
enable real-time reconstruction [30]. One example of an
efficient local event description, (i.e., for each voxel) is
SIRT-PWC [29], which iterates between region-based SIRT
reconstruction steps and an estimation of piecewise-constant
(PWC) functions based upon the temporal sequence of
reconstructed frames. Similarly, Gao et al. used this to
improve the temporal resolution for nanometre-scale dynamic
imaging down to 12 minutes per time-frame [31]. To do
this, they show that high-quality global time frames can be
reconstructed from only 25 angles, using a piecewise-constant
parametrisation. This illustrates the strength of the event-based
approach.

The proposed DYRECT technique demonstrates that it is
possible to bypass the reconstruction of frames and to improve
the temporal resolution directly to that of the projection-level,
typically one to three orders of magnitude faster than the
time scale of global time-frames. Recently, Gorenkov et
al. [32] demonstrated a projection-based preprocessing
technique to achieve higher temporal resolution in fluid flow
#CT scanning. The timestamps of local fluid displacements
were pinpointed by subtracting the static content from the
projections. These local indications were matched afterwards
in the reconstructed frames by their similarity to motion-
blurred regions. To achieve this in a data-consistent manner,
we bypass this separate matching procedure completely by
integrating this event description in iterative reconstruction:
the transition times are stored directly in the sample volume,
which indicates when there is a change in the attenuation
of the voxel. This builds upon the reconstruction concept
of flexible spatio-temporal decompositions, where low-rank
temporal basis functions are used to express the evolution
of the attenuation [22, 33, 34], allowing changes at other
projection times than the preset coarse time steps. However,
in case that the sample exhibits multiple events at different
times, that approach would require an increasing number of
global basis functions and can still be affected by motion
artefacts due to the scan time per (limited) projection window.
Therefore, changes in the sample should be represented (1)
by local time-related event parameters such as transition times
(cf. [29, 31]), and (2) starting from individual projections
(cf. [22, 32, 33, 34]) to get the maximal temporal resolution.

This work shows the first results of dynamic reconstruction
of events on a continuous projection-level timescale.
Section II-A covers the steps taken to estimate the transition
times from the projection data in an iterative approach. The
method was evaluated on experimental data in section III-A,
and realistically simulated data, introduced in section III-C.
Since the local event-based representation had not yet been
used with temporal resolution down to the continuous
projection level, this opens new questions regarding the
limits on temporal resolution. Therefore, we discuss the
interplay of the acquisition angle and the temporal resolution
in sections III-B and III-D.

II. METHODS
A. Event-based CT reconstruction (DYRECT)

We use a 4D uCT reconstruction technique, combining all
projections in the scan, to compute the event parameters. As
is the case for motion-compensated reconstruction techniques,
this paradigm requires the implementation of a ray-tracer
that incorporates the temporal dependency of the acquired
projections. As illustrated in figure 1, we choose to represent
the 4D dynamic volume by a small set of local parameters,
stored in Cartesian volumes, that describe the evolution of
each voxel over time ¢. Despite its simplicity, we consider the
single step model to be suited well in two broad categories of
irreversible dynamics:



IEEE TRANSACTIONS IN COMPUTATIONAL IMAGING, VOL. VV, NO. NN, MONTH 2024 3

1) material precipitation [28] or removal [8, 35];
2) propagation of homogeneous bulk materials
fluids [4, 13] and crack emergence [5, 27].

and

The prime applications of the event parametrization are
those with stationary features in attenuation transition. While
the single transition model makes a strong assumption with
only two global sample states explicitly in memory, there
can be an arbitrary number of global sample states at times
in-between with configurations where some regions have
transitioned and some not. Additionally, the transition is
assumed to be instantaneous. If the transition takes longer,
because of slower concentration changes [36] or partial
volume effects, a gradual transition model like a sigmoid
function should be used. The second category of applications
are those with visible motion, like materials that crack [5]
or fluids that propagate through a static porous medium [4].
This resolves the challenge that explicit local motion models
have, e.g. using deformation vector fields (DVFs), since they
are designed for smooth motion, and cannot capture sudden
accelerations. Discontinuous dynamics are therefore better
captured in the event-based framework, particularly near
boundaries of materials.

In this single step model, we consider the evolution within
the voxel with index j to be fully determined by three param-
eters: the voxel’s initial attenuation p4 ;, its final attenuation
pp,; and its transition time 7.

Pstep (L a5, 1B g, 1)) = pa; H(E;—t)+upj H(t—t7) (1)

The Heaviside function H models a discrete step from the
initial phase to the final phase. Increasing t; leads to a
longer temporal support on the attenuation f14 ;. Conversely,
decreasing t; means that the final phase yip ; initiates earlier.
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Fig. 1. Schematic comparison between the proposed event-based recon-
struction (DYRECT) and conventional frame-based reconstruction techniques.
DYRECT describes events with fine temporal resolution at the projection
level, using a single volume of local transition times. This mitigates temporal
blurring associated with the longer frame sequence of coarse-resolution time
step volumes.

Our proposed approach is to estimate the event parameters
in an iterative way to obtain a data-consistent representation
of the sample’s evolution. The method relates to the static case

update schedule SIRT (Simultaneous Iterative Reconstruction
Technique), where the attenuation coefficients of the Ny
voxels in the sample are updated iteratively by cycles of 1)
forward projection, 2) calculation of correction terms and 3)
backprojection of those correction terms. In algebraic notation,
the new estimate of the static volume g € RV at iteration it
over all Ny projections in the scan is given by [37]:

/—I/(Zt) — M(itfl) 4 CATR p— Au(itfl) . (2)
—_——

1

3

The projection values are given by the optical depth
p = —1In({/1,) for the attenuation of X-rays, corresponding
to Lambert-Beer’s attenuation law. A is the sparse system
matrix € RNTNeXNv that gives the intersection lengths
for the X-rays towards pixels ¢ through voxels j. R and
C are the diagonal matrices of inverse row and column
sums of the system matrix. The ’th diagonal element of
R, ryy =1/ Z;VV a;j, corresponds to the inverse of the ray
length towards one pixel ¢ recorded at a given projection time
t(7). There are Np Nt projected pixels in total, where Np is
the number of physical pixels per single projection.

To obtain local estimates of the dynamic events from a
1CT scan, the projection and backprojection steps of the SIRT
technique are altered to incorporate the temporal dependency
of the projection acquisition.

a) Local event-based pCT projections: Denoting 3D
time slices of the 4D volume by p:, where ¢ is the pro-
jection index, the static-volume system matrix A is replaced
by the dynamic-volume system matrix A comprising single-
projection system matrices A; € RYPXNv for the corre-
sponding projection vectors p; at every time index t €
[0,1,2,..., Ny — 1]. The forward operator for the projection
estimate p can be formally written using a block diagonal
expression:

Po Ag 0 - 0 o
P1 0o A4, .- 0 I
: | S : : 3)
PNp—1 0o o Anp—1] [BNp-1
A Iy
¢! .
b Y A(pa 0 HE — 1)) 4)

+A(pp ©H(t —t7))

© denotes elementwise multiplication of the attenuation
coefficients and the time-dependent weights in the volume
domain.! The compact representation using a local transition

Observe that if t* were a global scalar for the volume, these weights could
be included after performing static projections:

B = (ko) O H(t" — tp) + (Apny—1) O H(tp — 7)) (5)

Where t,, is the vector of acquisition timestamps for each of the Np Nt
pixel records. This resembles a formulation of global breakpoints [33].
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map requires that the temporal weight is multiplied during ray
tracing. Therefore, all three parameter volumes (u4, up,t*)
are used during the forward projection on the GPU. At each
evaluation of the line integral, the time-dependent attenuation
is calculated locally from these volumes. This addresses the
first part of the reconstruction, namely the dynamic projection
simulation.

b) Local event estimation in uCT backprojection: The
4D attenuation volume fi, in this case parametrized by three
3D volumes, is updated in the back-projection step. Since
this update affects the complete time profile of a given voxel
with index j, we construct the time-dependent correction
terms ¢;(¢) by sampling the corresponding pixel positions in
the sinogram domain with bilinear pixel interpolation. This
corresponds to:

d; (t) = Ot,jAtTRt (Pt — Pt) (6)

This time-dependence emerges as the pixels from different
projections corresponding to a selected voxel j are recorded
at a different known acquisition time, indexed by t. Cy;
is row j of the single-projection diagonal matrix C}. Note
that the backprojection for the static case in equation 2
immediately reduces the correction signal to a single average
correction term per voxel?, thus ignoring any time-dependence.
As the mean correction term in the static case reflects a
least-squares minimization, the back-projection step in the
time-dependent case can also be conceived as performing a
direct least-squares fit per voxel of the parametrized evolution
function to the projection-corrected version of the previous
estimate. In general terms denoted by an event parametrization
€; = [pa, B, t*]; per voxel j (cf. equation 1), we would get
the following update equation for iteration ¢t:

Nt
it . it it—1
€§z ) — arg min E [ustcp(t; géz )) — fstep (t; géz )) —0;(t)
t

€j

(7

In practice, however, this update can make large changes
to the transition time, strongly affecting the transition time
of nearby voxels. This makes that the final estimate of the
transition time can be unstable, with oscillations depending
on the iteration number. Therefore, we adapt the optimisation
of the event parameters by first updating the transition time
t* based on imbalance of correction terms ¢;(¢) at projection
times before (t4;) and after (¢p ;) the current transition
time t;(m_l). The intuition behind this is that correction
terms show the strongest discrepancies in the temporal
proximity of the currently estimated transition time, if it is
still incorrect. When only the transition time t* is sought in
the reconstruction, the difference in mean values could be
used. However, when 4 and pp are not held fixed, a third
independent value must be estimated from the sequence of

2There is approximately one pixel per 2D projection image at time ¢ that
corresponds to a selected voxel j. Therefore, the elements of the matrix
[CAT);; = aij/sSNPNT o, which are used to compute a weighted sum
of the correction terms ¢ for voxel j, can be approximated by a 1/N;
for corresponding pixels [38]. IN; is here calculated as the number of 2D
projections where the voxel j is in the field of view.

correction terms. The array of N; correction terms ¢ from
equation 6 is converted into two growth terms o4 ; and
op,; over projection windows before and after the current
estimated transition time, respectively. The calculation of
the growth was implemented as a single sampling pass over
the correction terms with recursive updates to calculate the
covariance between the correction terms and the projection
time [39] (without dividing by the variance over the time
domain). The growth values were calculated over symmetric
windows of 360° before (/N4 ; projections with voxel j in the
field of view) and after (INp ; projections) the prior estimated
transition time, which mitigates the influence of structural
biases by exploiting their repeating appearance in the circular
scanning trajectory. Currently, this restricts the method to
analyse scans that span at least 3 full rotations with t3g0e
projections in a circular trajectory.

Nij
1 . _
oag =5 D (ta; —tay) (5j(tA,]~) - 5j(tA,j))
A,j ta
with ta; € ngtj) = [t;(itfl) _ t36007t;(it71)], (8)

NB,j

1 . _
TBd = N, tz: (t,; —tB.;5) (5j (tB,;) — 9; (tB,j))
B,j

with tg ; € ng]) = [t;(it—l)J;(it—l) + t360°], 9)

The overline symbol denotes the arithmetic mean over
the selected projection indices (S5) in the rotation before or
after the current transition time t;('t_l). The update of the
transition ¢; for one selected voxel j is illustrated in figure 2.
To find the optimal transition time for the selected voxel,
the update minimises the difference in these growth terms
before and after the prior estimate t;(ltfl) of the event. The
change At} in the update of ¢} is modified based on the
prior difference Ay; in attenuation values. In equation 11,
this reflects the lower confidence put in voxels with a
small difference between the initial and final phase, while
simultaneously converting the dimension of the growth terms
04,j,0p,; to a dimension of time. A = 0.1 cm ™! normalizes
the difference values to the user-defined maximum value. To
avoid division by zero, a small value € = 10~? is added in
the denominator with equal sign as Ap;. Furthermore, larger
updates are restricted to the time ¢1g0- corresponding to a half
rotation in equation 12 and relaxed by the factor A\, = 0.6
O < <.

Apj = ppj — pa; (10)
min(|Ap;[/Aa, 1)

Attt = P — ; 11

i=(opj—0aj) An; + sign(Bpy) - € (11)

At; — Chp (At;, —t180°, +t180°) (12)

t;f(”) — t;f(“‘l) + A At (13)

After updating the transition time ¢}, the correction terms
d;(t) are sampled a second time for the targeted voxel j to
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Fig. 2. Illustrative update of the transition time ¢ of a single voxel j.

The dashed blue line indicates the prior estimate ju;(t) of the voxel, based
on the three parameters t;(”_l) = 768, ,ufjfj_l) = 0.6cm~ 1, and
W;l) = 0.9cm™1L. The full line is the virtual corrected attenuation curve
pst;p (t;e5) +9;(t), by addition of the correction terms below, shown as the
dotted line. The blue area at the bottom, between projection index ¢ = 400
(ground truth) and 768 (current estimate) indicates that the attenuation for
those projections should be increased. Since the projections between t = 0
and 400 have zero correction terms, this growing trend indicates that not
pA,; should be updated, but that the final higher attenuation phase should
start earlier by shifting t; to a lower projection time.

estimate the attenuation before and after the updated transition
time. The corrected attenuation values are averaged in equa-
tions 14 and 15. In the final updates, the values are relaxed by
respective factors A4 and Ap = 0.8 to achieve a more gradual
update and improve stability.

(it) _  (it=1) (it—1) (it—1)

Baj=Hp,; +Aa (,ustep(tA,j; g )+ 0(tay) —pa;
(14)

M%? = Ngfj_l) + Ap (Mstep(tB,j; €§it_1)) +6;(tp,j) — Ngfj_l)
(15)

¢) Update sequence: Ordered subset of projections:
Each projection and backprojection step is calculated based
on ordered subsets S of the acquisition sequence [40].
This speeds up equations 8 and 9, thus improving memory
efficiency and convergence speed [41]. The full set of
projections is split in separate subsets of approximately
equal size, and each subset contains projections that are
randomly selected from the full set within the user-defined
projection window. The projection window corresponds to the
acquisition time of the first projection until the last projection.
Therefore, it should be chosen such that the sample dynamics

within the projection window can be described accurately by
the model for the optimal set of parameters. This means that
the size of the subsets is linked to the convergence speed
and stability of the algorithm. Algorithms using smaller
subsets, such as SART [40], employ a more greedy update
step and are less stable. Algorithms using larger subsets,
such as SIRT, require more iterations to steadily converge
towards the solution. For dynamic CT reconstruction, there
is an additional reason to use larger subsets. As in the first
step of the backprojection, the transition time t7 is updated
independently in each voxel based upon the growth terms.
The computation of these terms is less stable when a small
selection of projections is sampled in the backprojection. The
update of ¢} affects the temporal support of the initial and
final attenuation value changes. Therefore, each subset should
offer a broad temporal range of projections to guarantee the
stable reconstruction.

d) Weighted backprojection: To further improve
image quality, additional priors can be incorporated in the
reconstruction. One optional prior is the indication of static
and dynamic regions in the volume. As indicated above,
these can be used to subtract the static signal in tomographic
reconstruction [42], or to suppress the variability of the static
regions [13, 29]. To implement this, a volume of weights w is
defined that indicates which regions are more likely to exhibit
dynamic changes throughout the scan [43]. Higher weights
are attributed to these regions in the backprojection step,
encouraging sharper updates in those regions. This replaces
equations 3, 14, and 15 to incorporate weights. The concept
of weighted back-projection was used for the reconstruction
of the simulation study of fluid flow in a porous sandstone.
The selection of the weights was modified in this work to
conceive a hybrid estimation of static and dynamic regions
on the fly. This is based on the difference between the initial
and the final attenuation of the voxel, which is computed
during the reconstruction.

B. Ground truth dataset: dynamic CT simulation of fluid flow
in a porous medium

In the simulation experiment designed to validate the
reconstruction method, the phantom mimicked multiphase
flow in a porous sandstone sample. This kind of flow often
exhibits single attenuation transitions per position while one
fluid is pumped through the sample to displace the other.
Within the static matrix (i.c. sandstone), the structure of the
porous network impacts the various characteristics of the
fluid flow on a local scale [9]. Different flow patterns were
simulated in the single 4D simulation, by selection of the
transition times. The flow direction of the fluid meniscus is
given by the 3D spatial gradient unit vector of the transition
time. Some flows were oriented predominantly horizontally,
while others were directed vertically. It was expected that
the vertical flows, along the rotation axis, were easier to
distinguish since this can also be studied using radioscopy
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(time-resolved radiography). The speed of the flow relates to
the gradient magnitude of the transition times |Vxt*(x)|. By
controlling this, there was a variety of smooth and sudden
flows. The sole restriction was that the transition times
changed monotonically throughout the spatial domain, to
achieve a contiguous fluid front.

The synthetic phantom and scan conditions were based
on a real scan and reconstruction of a sandstone sample.
The number of voxels and pixels in the horizontal direction
was equal to 989, and the detector had 1528 rows. Per
360° rotation, 1482 cone beam projections were simulated.
The dynamics were simulated in the second rotation of three in
total. The simulated projections and reconstructions are shared
in the online repository doi.org/10.17605/0SF.IO/64ERH.

C. Experimental dataset: bubble coalescence

We wish to evaluate whether DYRECT leads to an
appreciable improvement in time resolution. To test this,
the technique was applied on a given experimental dataset
captured in challenging conditions [1]. The experiment was
designed to scan bubble coalescence in liquid metallic foam,
meaning that two neighbouring bubbles in the metallic foam
became one by rupture of the separating film in between the
two. The goal of our study was to capture this coalescence
event in the reconstruction at higher temporal resolution.
The used selection of the scan consisted of three consecutive
complete revolutions, with the bubble coalescence event
during the second. The sample was a metallic foam of
AlSi8Mg4 with an inner diameter of 1.2 mm, contained in a
small boron nitride crucible. By in-situ laser heating during
the CT experiment, the sample underwent stages of bubble
nucleation, inflation and coalescence. This was captured at
high CT scanning rates with 500 full rotations per second,
acquiring 80 projections per 360° rotation with a pixel size of
2.75 pm at the TOMCAT beamline of the Swiss Light Source
synchrotron. Each projection therefore corresponds to a time
interval of 25 us.

III. RESULTS

A. Reconstruction of bubble coalescence experiment: consis-
tent with difference sinograms

We used the DYRECT method to reconstruct the dynamic
CT experiment of bubble coalescence in a metallic foam
(section II-C). The reconstruction technique made 10 iterations
over the 240 projections, covering three pCT rotations of
scanning the dynamic process at an acquisition rate of 500
rotations per second. Even at those high scanning rates,
film rupture is one type of dynamics that is challenging
to reconstruct without motion artefacts due to the fast
speed relative to the CT acquisition rate. From the three
reconstructed event parameter volumes w4, pp and t¥,
three 2D slices are displayed in figure 3 spanning the
four dimensions. The first two are spatial cross-sections in
the horizontal (xy) and vertical (yz) direction (a) at the

estimated time of rupture ¢, and the third is a temporal
cross-section, perpendicular to the ruptured film wall. The
temporal cross-section of the DYRECT reconstruction shows
that the film rupture between the two neighbouring foam
bubbles happened at the rupture time ¢ corresponding to the
acquisition angle 6 = 504°, or 1.4 rotations (2.8 ms after
the first projection). The film wall completely disappeared
at the time corresponding to 1.75 rotations, or 0.7 ms later.
To indicate the usual temporal resolution for parallel beam,
a SART reconstruction was made for the corresponding 6
180°rotations for three iterations over the 40 projections
per time step. This indicates that the single step model
is a reasonable approximation that enables to model the
evolution of finer details like the thinning of the film wall.
In the selected regions of interest, the transition map was
overlaid on top of the initial reconstruction on areas with
most change towards the final state (b). This map indicates
that the deformation at the farther side of the right bubble
was delayed by 1.0ms, which corresponds to the time to
cover half a rotation in that scan.

To verify the accuracy of the reconstructed transition times,
a complementary technique was used to detect the events in
the sinogram domain. If it is the only event, the sinogram
offers a good way to find the transition time. To assert that the
time resolution improvement is real, the DYRECT-pinpointed
transition times needed to be consistent with changes observed
independently in the sinogram slices (before and after the
specific time). This is indicated in figure 4. To focus on
the dynamic content only, these images show the difference
projection and sinogram with respect to the previous rotation
of the continuous acquisition. This view ignores the static
content of the acquisition and reveals what has changed
with respect to the prior reference. In the diverging colour
map, the grey colour indicates that the normalised projected
intensity remained constant, while red and blue indicate
that the attenuation along the line from the source to
the detector pixels decreased or increased, respectively.
The comparison between this difference sinogram and the
DYRECT reconstruction (red horizontal line) shows that the
start of the rupture event ¢; was estimated accurately with
flexibility down to the projection level.

B. Angular dependency of temporal accuracy on direction of
spatial structures and flow field

To study the interplay between the orientation and the
temporal resolution of the dynamic event detection, we
compared the orientation of the reconstructed dynamic
features to the acquisition angle at the instantaneous
transition time, which is at the time scale of a single
radiograph. When two evolving structures align in the
time-dependent acquisition geometry, it may affect the
ability of the reconstruction algorithm to estimate the proper
transition time. In figure 5, different regions affected by the
rupture event were tracked in the sinogram domain to gain
intuition in the difference sinogram. In the parallel beam
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a) reconstructed structure at t;

Fig. 3. Horizontal and vertical cross-sections (a) of bubble coalescence
experiment at the initial rupture moment, reconstructed using the DYRECT
technique. The overlay images (b) show the transition times t* of the
indicated regions of interest. The temporal cross-sections (¢) of a DYRECT
reconstruction were compared to those made with a SART reconstruction.
The estimated time of rupture during the bubble coalescence is indicated by

tx .

geometry, the contrast of the film wall was highest at the
acquisition angle of 6 = 72°. This does not align with the
acquisition angle at the rupture angle at 8* = 144°. Therefore,
there was a distinct view on the evolution along the plane of
the film wall, but to a smaller extent in the transverse direction.

It is conceivable that the physical evolution of the rupture
event was not unambiguously reconstructed. Indeed, in
figure 3, the film wall appears to become thinner starting
from one side during the rupture, which conflicts with the
intuition that the thinning of this film is a symmetrical
process. This ambiguity is a fundamental limitation of
the single-source CT acquisition process, where the result
is directly affected by the interaction between the internal
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Fig. 4. The reconstructed time of bubble coalescence ¢ corresponds to the
time determined independently using the sinogram event detection technique.
These difference projections (¢) and sinograms (d) with the diverging colour
map show the sample changes in the detector domain.

dynamics and the time-dependent geometry of the acquisition.

C. Reconstruction of simulated data: local temporal resolu-
tion gain

The temporal resolution gain was evaluated using artificial
ground-truth data. Figure 6 illustrates the outcome of the
reconstruction method. Only the transition times were
estimated in this reconstruction, while the start and final
volumes remained static, initialised with exact ground-truth
knowledge. This was done to study the transition time
optimisation independently from the attenuation domain. In
experimental work, this is also a viable approach to scan the
initial and final states under static conditions at higher image
quality. The grey values are the X-ray attenuation coefficients
of the regions that remained static throughout the three CT
rotations. The coloured overlay indicates the transition time
of the dynamic regions. These transition times are the arrival
time of a fluid front, displacing the low-attenuating oil phase
by the high-attenuating brine phase.

The temporal resolution of the DYRECT reconstruction
method is indicated by the histogram of co-occurrence
between the transition times of the phantom and reconstruction
(figure 7a). If the direct method succeeds in achieving a
projection-level time resolution, transition times in a software
phantom and those in the final reconstruction need to be
a near-perfect mapping. This should be evident from their
values following a diagonal in a co-occurrence histogram.
This deviation from the diagonal was quantified by the mean
absolute error between the ground truth and the reconstruction
(0.088 CT rotations). The time associated with this deviation
corresponds to less than a tenth of the time required to record
the projections for CT frames in a circular cone beam scan.
As a reference for this simulation study, we compared to a
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a) selected features in reconstruction

view on

rupture

@ wall not aligned
) wallaligned

Fig. 5. Tracking the selected features in the sinogram domain (red, cyan, green
and yellow ellipses) reveals their evolution at a higher temporal resolution
than possible with reconstruction techniques that define global time windows.
The study indicated that the alignment of the dynamic internal features with
respect to the optical axis may affect the accuracy. When the wall aligns with
the optical axis, the (red and cyan) tracks in the sinogram domain overlap
which causes ambiguity in the event localisation along the viewing direction.

a frame-based approach here named OS SIRT-PWC (static
reconstructions followed by a piecewise constant reduction
of the temporal domain, reminiscent of [29]), the accuracy
depends on the coincidence of the time-frames with the
ground truth events. That is because each frame corresponds
to an interval in time needed for a full 360°rotation. The
coarse temporal resolution of SIRT-PWC, as a frame-based
technique, is illustrated through the vertical spread of the
estimated event time (in blue) that is indicative of low
precision. For this method, the mean absolute errors in the
best and worst case were 0.076 and 0.460CT rotations.
Since the main trend line was well matched in DYRECT
(close to the ideal line in figure 7a), this comparison with
the frame-based method shows that future work exists in
mitigating the outliers, for example by spatial regularization
of the transition time during the reconstruction.

a) comparing horizontal slices

-
ot
SO

B T e A I

A:& \ .

B e T I T

¥

DYRECT reconstruction

b) comparing vertical slices

DYRECT reconstruction

Fig. 6. Comparison of the ground truth dynamic dataset and the outcome
reconstructed using the proposed DYRECT method, visualized by 2D vertical
(a) and horizontal (b) overlay slices of the coloured transition times in the
dynamic regions and grey attenuation values in the static regions. The coloured
arc in the reconstructed slice indicates the time-dependent viewing direction
of the circular cone-beam CT system onto the dynamic process that is ongoing
in the sandstone.

D. Angular dependency of temporal accuracy on direction of

flow field

The uncertainty resulting from the complex interplay
between acquisition direction and flow direction Vxt*(x) was
further investigated in a second simulation study. Figure 8
shows the reconstruction result for the simulation performed
in figure 6, but with a 90°offset in the acquisition angle
(indicated by the coloured arc in sub-figure a that indicates
the time-dependent viewing direction of the circular cone-
beam CT system through the sample). Apart from this, the
dynamic ground truth sample remained exactly the same.
This examines whether the achieved temporal accuracy,
measured in the simulation study, resulted from coincidental
(mis-)alignment with the dynamic regions. Sub-figure 8a
shows that the temporal accuracy was similar to the original
outcome. This indicates that, for this simulated sample, there
was no clear influence of the structural orientation. Similarly,
the dependency on the angle between flow propagation and
the instantaneous beam direction was studied in sub-figure 8b
for angular categories parallel (0°to 20° & 160°to 180°),
near-orthogonal vectors (80°to 100°) and angles in-between.
The mean absolute errors and the boxplots show that
movement orthogonal to the X-ray beam was reconstructed
with a temporal accuracy (0.070 — 0.083 rotation periods
or 25° — 29°) that was marginally better than the accuracy
for movement parallel to the X-ray beam (0.087 — 0.090
rotation periods or 31° — 32°). This insignificant difference
could indicate that the sample was rotated fast enough so
the simulated dynamics in the sandstone sample did not
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a) accuracy of DYRECT transition time reconstruction
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Fig. 7. The 2D histogram (a) shows the voxel counts in the dynamic regions
for each combination of ground truth transition time and the corresponding
reconstructed value. The colour maps are equal to those used in figure 6.
Since most values are on the diagonal, this indicates that the DYRECT
reconstruction of the 4D CT simulated dataset is able to retrieve the ground
truth values with temporal deviations below a single rotation. The mean
average error is 0.088 CT rotations. Compared to a frame-based reconstruction
in b, the mean absolute error is 0.076 CT rotations in the best case and
0.460 CT rotations in the worst case.

have a substantial impact. This leads to the recommendation
that, when there is no clear structural anisotropy, the sample
should be rotated fast and continuously at a constant rate to
distinguish structures that possibly propagate in the direction
of the optical axis. In both cases, the achieved temporal
accuracy is better than conventionally achieved with one time
frame per rotation, as indicated above.

IV. DISCUSSION
A. Presence of acquisition noise and reconstruction artefacts

In the reconstructions, the transition time contained
non-physical noise. For instance, the fluid flow dataset was
simulated with little intra-pore variations, and was still
reconstructed with high variations within individual pores. In
regions with a low attenuation difference between the initial
and final state, this has little impact on the data fit with the
projections. Therefore, a low contrast to noise ratio leads to
a decrease in certainty, which should be considered when
the reconstruction is analysed for local displacements. For
instance, to reduce the impact of noise in the reconstruction,
physical constraints could be incorporated in the form
of spatial regularisation of the transition time volume.
This has not been done in the presented proof-of-concept

a) reconstruction of simulation b) angular dependency

at 90° acquisition offset

of temporal accuracy

03
0.2 offset
o . 0
§ 0.1 90°
X 00
XLI
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@
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parallel in-between orthogonal

angle (flow propagation £ CT beam)

Fig. 8. The instantaneous angle between the X-ray beam and the internal
propagation direction may affect how accurately the transition time t* can
be reconstructed. A second simulation (a), with equal dynamic conditions
but offset by a 90°acquisition angle, yielded similar reconstruction quality
(a) as the result of figure 6 with 0°offset. The mean absolute error on t*
(b) overlaid on the boxplots was computed per instantaneous relative angle
between the propagation direction and the optical axis vectors, categorised as
parallel, orthogonal or in-between.

reconstructions. The stability of the outcome is expected to
be better when spatial correlations are incorporated into the
physical model, e.g. stating that all voxels of a pore should
change phase simultaneously or prior knowledge that there
are distinct grey levels for static and dynamic regions [13, 44].
This comes at the cost of a bias towards more simplified
dynamics, potentially missing finer details. The analysis of
the experimental dataset and the simulation showed that
the proposed method already produces accurate results even
without any spatial motion model, but the concept of the
transition time volume is not restricted to this proposed
optimisation strategy.

B. Implications of the single-step model

The single-step model implies that there is temporal sparsity
in the changes that occur within the sample. Compared to
frame-based methods that regularise by e.g. penalising
temporal total variation [6, 20], this is done explicitly in
the model. This sparsity can be observed from an analysis
point of view, when the experiment targets specific types of
dynamics that happen under controlled conditions. However,
even in those conditions, the model can fail to capture the
changes in the sample. Consider for example a heterogeneous
feature moving past a sampled position within the object.
The evolution of the attenuation then corresponds to the
streakline profile through the feature that moved through the
object. This indicates that there is a relationship between the
spatial texture of the object and the type of evolution that
should be modelled within the sample. In case the sample
goes through multiple global stages of dynamics, the model
in section II-A could be extended to support multiple steps
by defining more global key frames p, (like pa and pp)
and transition time volumes t}, where the representative
times of the key frames are chosen in advance. To describe
deformations of heterogeneous textures, projection-based
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displacement estimation methods can be used [45] instead of
this fixed-coordinate representation. However, explicit motion
descriptions for dynamic CT reconstruction are generally
made for samples with smooth deformation fields that can be
decomposed into temporal and spatial dependencies.

Defining the transition times on a continuous time scale
theoretically allows much greater temporal resolution than
post-reconstruction frame-based techniques. To optimally
resolve dynamics in the horizontal plane, the ideal acquisition
still has a fast rotation during the acquisition of the subsequent
projections. The issue of motion along the optical axis might
be overcome better by multi-source systems that acquire
projections simultaneously from at least two angles to leverage
both the depth perception and the temporal resolution. Such
examples are dual-source setups [46], a plenoptic imaging
setup [47] or a swinging multi-source system [48]. In turn,
these different CT systems would require adaptations to the
update strategy of the transition times like instantaneous
triangulation. That adaptation is needed since the symmetry
of the subsequent 360° rotations was exploited strongly in the
presented reconstruction technique. Considering these future
extensions, the main development that generally enabled a
higher temporal resolution at a feasible data rate is the local
event-based definition of the transition times.

Finally, since the simulation used the same parametrization
of the dynamic volume as the forward projection operator of
the proposed reconstruction technique, it was important to
consider the possibility of an inverse crime [49]. Avoiding
this bias means that the ground truth and reconstruction
should not use the same coordinate grid to represent the data,
to avoid coincidentally good results that do not represent
the typically expected results. For instance, this could be
done by simulating the ground truth on a rotated grid.
While this notion is relevant in validating spatial effects of
reconstruction methods at high resolution, we are not yet
at the single projection level in terms of temporal accuracy.
Therefore, the influence of discretization errors was expected
to be minimal.

V. CONCLUSION

To overcome the issues related to dynamic CT imaging,
namely the limited temporal resolution and the large data
loads, a novel event-based reconstruction method was
developed. This study opens pathways to a new branch
of dynamic CT reconstruction techniques that are both
performant and data-efficient - without producing a global
time-lapse of 3D frames.

The simulation study in section III-C indicated a high
temporal accuracy, with a mean absolute error of 0.088 CT
rotations. The associated acquisition time corresponds to
less than a tenth of the time required to record the 360° of
projections for pCT frames in a circular cone beam scan
with continuous acquisition. Separating between movement

in directions orthogonal and parallel with respect to the
X-ray beam at the moment of transition, there was no sign
that the studied scan configuration already suffered from
inaccuracies for material propagation parallel to the X-ray
beam. Therefore, based on the current distinction between
radioscopy and tomoscopy, this first implementation of the
event-based reconstruction provides a promising outlook to
achieve even higher gains in temporal resolution. Regarding
reconstruction noise, better stability in the volume of transition
times is expected from incorporating spatial prior knowledge
in the iterative reconstruction scheme.

The work here puts a new perspective on the limits on
temporal resolution that is practically achievable in dynamic
CT imaging. Usually, the gain in temporal resolution is
quantified by the reduction in projections that are required
per time frame to still reconstruct an accurate 3D sample
representation. This relates to the spatial complexity of
the structure, ignoring the temporal redundancies in longer
dynamic CT acquisitions. This work has demonstrated
that the temporal resolution of the reconstruction can be
improved, depending on the complexity of the dynamics,
and is to a small extent affected by the interplay between
the CT acquisition angle and the propagation direction of
the dynamic structures that undergo local changes in the
attenuation coefficient. Whereas, previously, the rotation
speed of the experiment needed to approach the temporal
resolution of single events in frame-based reconstruction, it
now becomes related to the time between subsequent events
at the same location. This relaxes the need for fast rotations
to a degree of global object states instead of each individual
local event.

The results on the experimental and synthetic dataset have
shown that this reconstruction technique can accurately de-
scribe a variety of dynamic CT cases. This is required to exper-
imentally quantify the phenomena that can make more efficient
and durable processes and materials in industry and academia.
This reconstruction technique will enable researchers in many
different research domains to delve deeper into their acquired
uCT scans, resolving dynamics that previously remained un-
observed due to the lack of temporal resolution and the time
required to process the large 4D datasets.

APPENDIX A
MITIGATING FIELD OF VIEW EFFECTS AND GLOBAL
INSTABILITIES ON THE EXPERIMENTAL DATASET

In realistic experiments, additional factors, such as field
of view and sample instability, may affect the accuracy
of the reconstruction. A first obstruction for the iterative
reconstruction technique was that the field of view was too
narrow to fully cover the surrounding crucible. Region of
interest scanning poses a challenge to iterative reconstruction
techniques, since the forward projection needs to simulate
projections based on information that is not entirely covered
in the field of view. If this is not compensated for, the
external mass is carried to the reconstruction space with
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an additional temporal dependency. Therefore, an initial
reconstruction was made to estimate the density and position
of the surrounding crucible. The resolved part of this cylinder
was extrapolated homogeneously over all azimuthal angles.
The empty cylinder was projected in the scanned acquisition
geometry to normalise all projections for the unresolved
crucible.

A second challenging factor was that, at higher dynamic CT
acquisition rates, the experimental sample stability became
less precise than typically encountered in static CT imaging.
An initial sliding window SART reconstruction showed that
the sample was out of centre and oscillated over the x axis
(which corresponds to the horizontal transverse direction in
the sample with respect to the optical axis at 0°) with a period
equal to the duration of 1 rotation. This was compensated for
by using the global affine motion compensation, summarised
in table I in appendix B.

APPENDIX B
MOTION MODELS

With the addition of the event-based reconstruction, there
are three major models to describe fast motion of the sample
during the acquisition. The reconstruction of the experimental
dataset captures a combination of global sample instabilities
and local events. These are listed in table I. A comparison
between the three techniques was outside the scope of this
study, the aim of this brief appendix is to guide the choice
for (combinations of) motion models. Since these models are
capable of describing the same physical motion in a redundant
way, it is important to maintain a clear hierarchy in updating
the parameters of each model.

1) Affine coordinate transformations express global instabil-
ities of the sample. This is a lightweight representation
that remains constant in parameter count with improved
spatial resolution. Accuracy can be improved by increas-
ing the number of temporal control poses, and by using
a physical model to interpolate the motion, e.g. a steady
affine motion (SAM) model [50].

2) Digital Volume Correlation (DVC) is often used to esti-
mate local sample deformations between two 3D frames
at times tg and ¢; and to express these as a displacement
vector field. The evolution over the projection acquisition
time ¢,, is usually expressed by a linear magnitude change
from the reference time ¢, [15]. The deformation field is
not necessarily invertible [51, 52], which could lead to
issues in samples that display rapid accelerations, direc-
tion changes and spatially discontinuous motion fields as
observed in fluid flow processes [10].

3) The spatial map of transition event times, proposed in this
manuscript, captures irregular motion of homogeneous
components. Additionally, dissolution and precipitation at
the boundaries of structures with heterogeneous texture
can be represented. That is why the surface motion in
a two-phase fluid flow experiment can be interpreted
in relationship to Vxt*(x). If there is bulk material

TABLE I
THREE METHODS TO ADDRESS DIFFERENT ASPECTS OF SAMPLE MOTION
IN CT RECONSTRUCTION. MOTION CAN BE MODELLED EXPLICITLY BY
AN AFFINE MODEL OR A DISPLACEMENT VECTOR FIELD, OR IMPLICITLY
BY THE EVENT-BASED REPRESENTATION.

Dynamics Global instabilities Local displacement Local events

Motion model SAM Displacement vector field Local phase change
Expression Mo,1 (tp — tr) (%) Mo,1 (tp — tr) (x) u(x,tp)
b — tr
tp —tr
=At1—to .x =x+DVF(x)2—" = po(x)s(t*(x) — tp)

ti —to

1 (x)s(t — £ (x))
General

Homogeneous texture

Linear local direction
General texture

Motion evolution
Moving structures

Steady affine
General texture

Fixed structures Static Static Dlsso!utlf)n
Precipitation
Parameter count O(Ny) O(Nx x Ny) O(Nx)

moving inside the sample, the texture contrast of that bulk
should be negligible to the structural contrast between
the materials. If this is not the case, motion artefacts will
invalidate the temporal model of the step function in each
individual voxel.
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