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Abstract

Purpose Stroke remains a leading cause of morbidity and mortality worldwide, despite advances in treatment modalities.
Endovascular thrombectomy (EVT), a revolutionary intervention for ischemic stroke, is limited by its reliance on 2D fluoro-
scopic imaging, which lacks depth and comprehensive vascular detail. We propose a novel Al-driven pipeline for 3D CTA to
2D DSA cross-modality registration, termed DeeplterReg.

Methods The proposed pipeline integrates neural network-based initialization with iterative optimization to align pre-
intervention and peri-intervention data. Our approach addresses the challenges of cross-modality alignment, particularly in
scenarios involving limited shared vascular structures, by leveraging synthetic data, vein-centric anchoring, and differentiable
rendering techniques.

Results We assess the efficacy of DeeplterReg through quantitative analysis of capture ranges and registration accuracy.
Results show that our method can accurately register 70% of a test set of 20 patients and can improve capture ranges when
performing an initial pose estimation using a convolutional neural network.

Conclusions DeeplterReg demonstrates promising performance for 3D-to-2D stroke intervention image registration, poten-
tially aiding clinicians by improving spatial understanding during EVT and reducing dependence on manual adjustments.

Keywords Cross-modality image registration - Stroke - Thrombectomy - Angiography - Deep learning

Introduction

Ischemic stroke, a leading cause of mortality and disability
worldwide [1], presents a significant challenge to health-
care systems globally. Specifically, arterial occlusions, which
disrupt blood flow to the brain, account for a vast major-
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ity of stroke cases. Endovascular thrombectomy (EVT) has
become the de facto treatment for ischemic stroke caused
by a large vessel occlusion [2]. This minimally invasive pro-
cedure, which involves navigating a catheter to the site of
the thrombus and removing it, has greatly improved patient
outcomes.

In clinical practice, 3D computed tomography angiog-
raphy (CTA) is used to assess EVT eligibility, while 2D
digitally subtracted angiography (DSA) provides intraoper-
ative imaging. However, the 2D nature of DSA lacks the
wealth of 3D information from CTA, hindering catheter nav-
igation. Registering CTA to DSA could enhance therapeutic
decision-making by providing interventionalists with com-
plementary information from the CTA image [2].

Automated 3D-2D registration is typically hampered by
limited capture ranges in the case of optimization-based
methods or limited training data available for learning-based
approaches. In this work, we develop a fully automated
multistage 3D-2D registration pipeline. We first use a deep
learning stage to estimate initial registrations, followed by
an optimization stage that leverages differentiable render-
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ing [3] for fast and accurate final registrations. Our method
builds on traditional iterative optimization setups, such as the
work by Hipwell et al. [4] for 3D-2D registration of cerebral
angiograms. Furthermore, the multistaged approach builds
on the work proposed by Gopalakrishnan et al. [5], where an
initial registration is performed using a convolutional neural
network (CNN), and is then further refined using an iterative
optimization algorithm.

Method: DeeplterReg

In this section, we propose DeeplterReg, illustrated in Fig. 1,
a multistage registration pipeline for 3D-2D CTA to DSA
registration, combining a deep learning network with tradi-
tional optimization-based methods, powered by DiffDRR’s
differentiable rendering engine [3]. We posit that in a similar
approach to [5], we can perform a first-step initial registra-
tion, such that we obtain an initial pose T, using a deep neural
network pre-trained on synthetic data, followed by an iter-
ative registration approach to then compute a second, more
accurate pose 'i‘, where T- T ~ Ttarget, and Tearger is the
target rigid transformation (registration) matrix. The initial
pose is computed to overcome the limited capture range of
traditional iterative-based registration techniques, where T
is the transformation that brings the CTA to its initial pose,
and is ideally within the capture range of the iterative method
employed for the later-stage registration.

Learning-based initialization step

The initialization step aims to quickly compute an initial
transformation T that aligns the CTA to an approximate
pose close to the target pose, Trargec. This initial trans-
formation serves as a starting point for further refinement in
subsequent steps. We hypothesize that a convolutional neu-
ral network (CNN), trained on larger vessels that ‘surround’
the brain may be sufficient to provide an initial alignment.
Visually, venous structures appear to be the most common
structures in both modalities, which are typically larger and
take on a semicircular structure that contours the skull.
Furthermore, venous structures exhibit less inter-patient vari-
ability, making them good candidate anatomical features
for a learning-based initial registration. However, such an
approach would require separating the veins from the arter-
ies in both CTA and DSA. For DSA, artery-vein separation
segmentations are available thanks to the work of Su et al.
[6]. For CTA, vessel segmentation is obtained using the work
of Liu et al. [7]. However, artery-vein separation is not avail-
able for the CTA. In order to obtain vein isolation for the
CTA, a combination of morphology and connected compo-
nents was sufficient to isolate the larger veins that surround
the skull. To overcome the modality difference, we binarize
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the resulting vein segmentation from the CTA, such that both
the CTA and DSA are binarized segmentations, as illustrated
in Fig. 2. These binarized vein segmentations are provided
as input to the network during inference.

Network Architecture

We use a ResNet18 backbone to extract features for the reg-
istration task, and the full architecture is given in Fig. 3.

We use a weighted combination of Dice loss and geodesic-
based losses for rotation and translation, inspired by [5]. The
total loss is defined as:

Loss = Dice(DRRyoving: DRRf: xed)
+ )\<£ge02 (Tpredv Ttarget; )

+ Cgeo (Tpred’ Ttarget)) s (1)

where Lgeo is the double geodesic loss [8], Lgeo is the
geodesic loss, and f is the source-to-detector distance. Both
are defined on the special Euclidean group SE(3), which rep-
resents rigid-body transformations consisting of a rotation
and translation.

Finally, in order to perform inference on the trained
model, we use real DSA-CTA pairs, the network input
therefore becomes T = D(P(Tragiological), DSA), with
Tradiological the pose after correcting for the rotation
based on the C-arm configuration from the DSA. We refer to
this baseline pose as Tragiclogical-

Data generation and training

Due to the lack of data, we perform pre-training that relies
on simulated perturbations in order to generate the train-
ing data. Specifically, we train an encoder network, D, by
manually perturbing a registered CTA image with a random
transformation Torrser applied from the registered pose.
The network’s objective is to predict T;flfset, effectively
learning how to invert the applied transformation and re-
register the CTA, allowing us to generate an arbitrary amount
of data and registrations. As input, we train the network using
only the CTA vein segmentations: we first ‘synthesize’ a
fixed DSA by projecting the CTA according to its registered
pose. A second moving DRR, DRRyoving, 1S then generated
by projecting the CTA according to its registered pose with
the additional offset, Toreser. We use Diff DRR to generate
the DRRs from the CTA. We call P(-) the rendering engine
from DiffDRR which produces the 2D DRRs, given a CTA
and a transformation T, as input, and which is parametrized
according to the C-arm configuration'. The final DRRs are

1 We leave the parametrization arguments out of the function param-
eters for brevity. The rendering engine is initialized according to the
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Fig. 1 Full pipeline overview. The approach works by progressively increasing more details into the CTA with the objective of improving the

registration at each step

Fig.2 CTA and DSA veins
segmentation comparison. The
larger vessels typically exhibit
less inter-patient variability and
are present in both CTA and
DSA, thereby making such
structures good candidates for
an initial learning-based
anchoring

(a) Example CTA veins obtained by mor-
phology.

therefore generated as follows: DRRyoving = P(Toffset)s
and, DRR¢ixeq = P(Than)-

As the original DSAs are provided as segmentations, we
binarize the resulting DRRs to further emulate the down-
stream real CTA-DS A registration task. Examples of the CTA
and DSA vein segmentations are given in Fig. 2. The venous
structures contained in both segmentations are similar and
represent similar anatomical features. This motivates train-
ing the network on CTA-CTA pairs, as the venous structures
are sufficiently similar across both segmentations to poten-

C-arm configuration. Generating DRRs via P(-) therefore also requires
the CTA volume: P(T, CT A). Further details are given under imple-
mentation.

(b) DSA vein segmentation.

tially generalize to real CTA-DSA pairs. This simplifies the
network’s task by eliminating non-mutual vessels and over-
comes the lack of sufficient high-quality DSA images.

Iterative refinement

Following the initialization of the CTA to an approximate
target pose, the subsequent objective is to employ iterative
optimization-based methods such that we achieve an accurate
final pose.

The principal challenge at this stage is to achieve an accu-
rate final registration. As outlined previously, we hypoth-
esized that using larger vessel segmentations is sufficient
for an approximate initial pose. This is likely not the case

@ Springer
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Fig.3 Proposed network, D,
extends a ResNet18 architecture
to predict a rotation and
translation

Fig.4 Schematic overview of
the learning part of
DeeplterReg. P is an
instantiated drr class from
DiffDRR. DRRs can be
generated by supplying a pose
as a parameter. The 3D CTA
volume is supplied at
initialization, and we therefore
omit it as a parameter in Figure

First FC layer, reshape features from

Rotation and translation heads {

1x512 -> 2048

LXLXZLGX]

@ 2048 -> 3

2048 > 3

{D FC +ReLU |

ResNet

FC + tanh

Channel-level
concatenation

Dropout layer ®

for a highly accurate registration—crucially, smaller arteries
present in both modalities are typically used when manual
registration is performed. This can be illustrated visually, as
seen in Figure 5, where the DSA frame is extracted from the
arterial phase.

If smaller vessels are critical to an accurate registration, it
will be important to make use of the full vessel tree in both
modalities. To this end, we propose a two-stage iterative opti-
mization method: an intermediary step after the initialization
can be performed to further refine the initial CTA pose. The
optimization algorithm requires as input a fixed reference

@ Springer
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image, in our case, the DSA, as well as the current pose
of the CTA, 'i‘, obtained from the initialization. Parameter
updates are performed using Adam optimizer until a pre-
determined number of iterations is reached, and normalized
cross-correlation (NCC) as a metric to be optimized. We call
the resulting transformation from the optimization stage T;.

Lastly, we posit that a further refinement of the trans-
formation T can be achieved by substituting the DSA
segmentation with the DSA minimum-intensity projection
(MinIP) in the optimization stage defined above, while using
an alternative intensity-based loss. The previous optimiza-
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Fig.5 A CTA projected according to its registered pose over a DSA.
CTA is shown with a red tint to enhance vessel visibility. Arrows point
to locations containing smaller arteries that overlap in both the CTA and
the DSA, which we hypothesize as being necessary for a finer-grained
alignment

tion approach relied on the segmentation, which effectively
discards pixel intensity information from the DSA. Addi-
tionally, the optimization utilized NCC as the loss function,
which measures the correlation between the overall structures
of the DSA and CTA. However, a potentially more effective
refinement could be achieved by substituting NCC with a
distribution-based similarity measure. We define T, as the
second-stage optimization method, which runs in an identi-
cal manner to the first-stage, with smaller step sizes in the
optimization step, and mutual information (MI) as a simi-
larity metric to optimize. At both steps of the optimization
procedure, we select the pose that corresponds to the highest
similarity.

Experiments and results
Data

We use data from the MR CLEAN registry [9], aregistry with
data from patients who have undergone EVT for ischemic
stroke from seventeen centers in the Netherlands. The dataset
contains CTA scans of each patient, as well as a set of DSA
images acquired both pre- and post-EVT. A segmentation
algorithm was run on the CTAs to produce vein segmenta-
tions, similarly, semantic segmentation was performed on the
DSA using [6], which produced a set of three segmentations
for each patient: a full segmentation, a vein segmentation,
and an artery segmentation.

A total of 94 lateral-view patient scans were selected
from a dataset comprising AP and lateral 182 patients. The
selected patients were splitinto 81 training patients, nine val-

idation patients, and 20 testset patients. The dataset includes
a combination of pre- and post-EVT DSAs, which were not
differentiated for the purposes of this study. Patient selec-
tion for the testset images was based on the quality of the
DSA: suboptimal DSA images, such as ones that suffer from
motion, were removed. No selection criteria were applied
to the CTA images. Manual annotations (in the form of
rigid transformation matrices) were obtained by an in-house
medical researcher. The registrations were performed in an
in-house designed MeVisLab module.

Metrics

The mean projection error (MPE) is used to assess the
accuracy of the resulting registrations. This is computed by
projecting a hypercube (eight evenly spaced points from the
CTA) using both the reference standard registration matrix
as well as the registration matrix from the optimization
algorithm and measuring the average distance between the
projected points:

N
MPE = % > lpi = p; )
i=1
where pfef are the points projected according to the refer-
ence standard, and p?eg the points projected according to the
obtained registration matrix.

When evaluating the capture range with a large number
of perturbations (such as with the simulated poses), we con-
struct a histogram and plot the median deviation of the points
projected before versus the points projected after registration.
We define the bin size such that there are 10 total bins, each
containing 10% of the registrations.

Optimization method capture ranges

To evaluate the capture ranges of the optimization method,
we run a registration of the CTA to the DSA using the full
dataset of 94 patients. The final accuracy of the registration
is determined using MPE.

Figure 6 illustrates the average Euclidean distances before
and after registration when registering the 94 patients from
their radiological pose. We observe an MPE before registra-
tion of 26 pixels, or 22.7 mm, and an MPE of 21 pixels, or
18.3 mm after registration.

Figure 7 contains the histogram of median deviations
corresponding to Figure 6. For smaller distances, such as dis-
tances below 25 pixels, the median oscillates between 0 and
15, and eventually diverges at 25 pixels. Over all patients,
taking a y = 5 MPE threshold, we find that 37 of the 94
patients are successfully registered, corresponding to 39%
of of the dataset.

@ Springer
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Capture Range: Average Euclidean Distance (MPE) Before vs After
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Fig.6 Average Euclidean distance (MPE) for all patients

Accuracy of full pipeline

In this experiment, the full pipeline performance—and there-
fore the improvement from the initialization—is assessed.
We perform a twofold assessment. First, using the set of
20 testset patients, we observe whether the number of suc-
cessfully registered patients improves. Second, we apply

Fig.7 MPE before versus after

perturbations to the 20 testset patients to increase the total
number of registrations. This larger number of registrations
can then be used to assess the median capture range improve-
ment.

Testset registrations

We first evaluate the results of the 20 testset patients when
registered via the optimization-only method, illustrated by
the blue points in Figure 9. Using a success threshold of 5
mm, there are 11 success cases. We find the overall MPE
after registration is 1.9 pixels, or 1.7 milliliters for success
cases. The overall MPE over all patients is reduced from 24
pixels, or 21.1 millimeters to 11 pixels, or 9.7 millimeters.

The contribution of the initialization network is evaluated
by analyzing the reduced distances in Figure 9, which high-
light an improvement over the optimization-only approach.
The horizontal dotted lines illustrate how the distance to the
reference standard changes when the initialization is applied.
All registrations below the y = 10 except for 10153 have an
optimal loss, meaning that they have a maximum theoreti-
cal loss by the end of the optimization process, thus making
the total number of successful registrations 14, or 70%. The
overall MPE is lowered to 8 pixels or 7.62 millimeters. For
successfully registered patients, the overall MPE is 2.44 pix-
els or 2.13 millimeters.

Simulated registrations

We can further supplement these experiments by investigat-
ing the net improvement to the capture range brought by the
initialization in simulated registrations.

Histogram: Post-Registration vs. Pre-Registration MPE

registration for all 94 patients
using optimization-only
registration

Post registration MPE (px)
5 8 8 8 88 3 8

o

1 —e— Median Distance Difference (After - Before)
95% Confidence Interval
---- No Change (Difference = 0)
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Fig.8 Capture range plot,

Histogram: Post-Registration vs. Pre-Registration MPE

optimization-only versus full
pipeline

80

Post registration MPE (px)

—e— Median Difference (Optimization-only)
95% Cl (Optimization-only)
Median Difference (Full Pipeline)
95% CI (Full Pipeline)

---- No Change (Difference = 0)

Figure 8 illustrates the change in median capture range
resulting from the addition of the initialization step. Com-
pared to the optimization-only approach, we observe that the
median capture range starts to diverge from y = 5 at 40
pixels, a net improvement over the 20 pixel median capture
range identified without using an initialization.

MinIP-based refinement

To assess whether an intensity-based refinement using mutual
information as a loss improves the final registration result,
we run the three-stage pipeline on the same set of CTA-DSA
pairs as used in experiment 3.4.1.

With the addition of a third-stage intensity-based itera-
tive refinement, we find that the MPE over all successfully
registered patients decreases to 2.08 millimeters, while the
number of successfully registered patients remains 14.

Manual assessment

Finally, a visual assessment is performed by a clinical
expert; this experiment aims to determine if a radiolo-
gist can reliably discriminate between registration results.
This provides a qualitative assessment of the registration,
and also can be used to assess the quality of the man-
ual registrations (our reference standard) compared to the
automatic registrations. To this end, we asked a neuroint-
erventional radiologist to score the automatic registrations
versus the benchmark manual reference standard registra-
tions.

20 30 40 50 60
Pre registration MPE (px)

Table 1 Preferences given to each method by an interventional radiol-
ogist

Method Number of Times Preferred
Three-stage 13
Two-stage

Reference standard

The radiologist was supplied with a blind two-way test.
Our sample consists of the 14 successful registrations from
Section 3.4.1. Each comparison is either between the two-
stage and three-stage, the two-stage and the reference stan-
dard, or the three-stage and the reference standard, resulting
in a total of 42 comparisons. The scale used is given below:

Scale 1: left definitely better than right
Scale 2: left is better than right

Scale 3: left is the same as right

Scale 4: right is better than left

Scale 5: right definitely better than left

Table 1 summarizes how many times each method was
preferred by the interventional radiologist. A Wilcoxon
signed rank test was used to determine whether the radiol-
ogist’s rankings revealed statistically significant differences
between methods. The test identified a significant difference
(p = 0.0146) between the three-stage versus the reference
standard, suggesting that the three-stage registration offers
meaningful improvements over the reference standard.

@ Springer
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Fig.9 Comparison of MPE:

Distances Optimization vs. Full Pipeline
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Discussion

Although the method achieves a successful registration in
70% of the patients in the test set, the method is hindered by
the need for high-quality DSA and CTA segmentations—
correcting for sub-par CTA segmentations, we find the
method accurately registers 77% of patients. Furthermore,
we observe that many DSA images from the MR CLEAN
dataset suffer from motion, which results in sub-par segmen-
tations, suggesting there is still future work to be done in
order to bridge the gap to the clinical viability of the proposed
method. A repeat of the experiments would further bene-
fit this study to assess the method beyond the MR CLEAN
dataset.

A dataset consisting of 94 patients originating from the
MR CLEAN registry were used throughout this paper. Anal-
ysis of the distances from the initial pose to the registered
pose illustrates that the mean distance is 26 pixels, while the
95th percentile is 55 pixels. While the mean is within the
capture range of our method, the 95th percentile is not. This
limitation directly concerns the initialization stage—more
extensive training is needed where the random poses used to
generate DRRs are sampled from a larger range. Moreover,
analysis on the distribution of each individual rotation and
translation component highlights that sampling each rotation
and translation component uniformly during training does
not reflect an accurate distribution of offsets. We find that a

@ Springer
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patient in a CTA scanner is more likely to have a ‘slouching’
head, meaning that the offsets in the anterior-posterior direc-
tion are typically larger than those in the superior—inferior
direction.

Our findings show that leveraging a pre-trained CNN,
trained in a synthetic manner and on limited data, is able
to generalize to predicting an initial registration pose for a
real set of CTA-DSA images, when using structures mutu-
ally present in both modalities. On a test set of 20 image
pairs from real EVT cases, we find the success rates of the
optimization method increase from 55% to 70%.

Conclusion

This paper introduces DeeplterReg, a multistage registra-
tion pipeline that leverages deep learning for an initial pose
estimation, followed by iterative optimization to refine the
registration. We find that including a deep learning network
improves the median capture range from 20 to 40 pixels, and
increases the number of successfully registered patents from
11 to 14, or 70%, out of a testset of 20 patients. Correcting
for low-quality CTA segmentations in the testset, the method
is able to successfully register 77% of the testset patients,
suggesting there is a need for high-quality CTA and DSA
segmentations for reliable and accurate results.
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Fig. 10 Example inputs, outputs
and reference standard DRRs
for the initialization network, D

(a) Reference standard DRR (b) DSA vein segmentation

(d) Predicted DRR
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