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Abstract. We propose a novel approach to bridge the resolution and
dimensionality gap between CTA, which provides 3D vascular geometry
but often misses small vessels, and biplanar 2D DSA, which offers higher
spatial resolution but lacks 3D structural information, by formulating
the problem as a 3D shape completion task. Our method represents vas-
culature using a set of 3D Gaussians initialized from CTA-derived ves-
sel geometry and augmented with additional spatial and opacity primi-
tives seeded from two DSA projections. These Gaussians jointly encode
geometry and attenuation and are optimized to fit the observed DSA
images while remaining consistent with the original CTA anatomy. Ex-
periments on synthetic and clinical cerebrovascular data demonstrate
improved 3D reconstruction of small vessel branches at submillimetric
resolution, validating the use of DSA to complement missing CTA ves-
sel anatomy. Code and data are available here: https://github.com/
janik-j/cta-dsa-fusion
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1 Introduction

Computed tomography angiography (CTA) plays an important role in the plan-
ning and treatment of neurovascular diseases by providing rich 3D information
about brain vascular structure; however, its resolution, typically between 0.5
and 1 mm limits visualization of small distal vessels, obscuring thereby subtle
pathologies. In contrast, digital subtraction angiography (DSA), frequently ac-
quired as biplanar 2D projections, captures submillimetric vascular detail, with
pixel sizes on the order of 0.1 to 0.2 mm [5, 2]. This higher resolution enables im-
proved depiction of small-caliber vessels and vascular lesions, and yields superior
diagnostic performance compared to CTA, particularly for small lesions (such
as aneurysms below 3 mm [12]). This limitation has motivated the development
of multiple reconstruction approaches aimed at building a high-resolution 3D
vascular network from DSA images.
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When rotational 3D DSA is available, the dominant method for reconstruct-
ing three-dimensional vasculature relies on Feldkamp-Davis—Kress (FDK) fil-
tered backprojection [4]. This method was originally developed for dense acqui-
sitions, typically requiring more than a hundred projections, but recent attempts
have been made to adapt it to sparse-view settings reducing the number of acqui-
sitions [19, 20, 11, 10]. The authors in [19] reported 3D-DSA reconstruction from
ultra-sparse 2D projections with substantial dose reduction relative to clinical
protocols [19]. TiAVox [20] extended this direction to 4D DSA using time-aware
attenuation voxels. VPAL [11] introduced a vessel-probability field to decompose
static background and dynamic contrast flow, improving sparse-view dynamic
DSA reconstruction quality. 4DRGS [10] replaced attenuation voxel fields with
Gaussian kernels following the Gaussian splatting representation [9], reporting
comparable quality with substantially faster optimization. In particular, Gaus-
sian representations have previously been shown to be well suited for X-ray ras-
terization in the synthesis of DSA images, as demonstrated by R2-Gaussian [18].
In this formulation, each Gaussian jointly encodes spatial support, via its mean
and covariance defining local geometry, and radiographic contribution, via an
associated density term modeling X-ray attenuation. This explicit coupling of
geometry and opacity aligns naturally with X-ray image formation, where mea-
sured intensities arise from the integration of attenuation along projection rays.

The clinical availability of rotational 3D DSA providing angular diversity
across dozens of viewpoints is not always guaranteed. In routine biplane DSA,
the system typically acquires only frontal (AP) and lateral (LAT) projections,
with an additional oblique view obtained selectively, motivating a separate line of
3D reconstruction methods that operate solely on biplane images. In [6], the au-
thors introduced a constrained two-view DSA reconstruction that back-projects
distance fields of 2D centerlines and enforces agreement of DSA-derived ves-
sel radii, bolus-arrival timing, and projected velocity, reporting strong ghosting
suppression in digital phantoms with evaluation on clinical data [5]. In [3], DSA
reconstruction is formulated as a variational optimization problem that relies on
a pre-existing 3D map as a prior for regularization and constraint. Other ap-
proaches have explored learned priors through conditional GANs [21], denoising
autoencoders on back-projected volumes [16], or combining 3D nnUNet seg-
mentation with MAP optimization and a connectivity prior [2]. These methods
improve two-view reconstruction through explicit constraints or learned priors,
but do not incorporate patient-specific preoperative CTA geometry as a direct
reconstruction prior or assume that DSA-visible vessel anatomy is fully repre-
sented in a 3D CTA prior, an assumption that is rarely satisfied in practice.

Contribution. We propose a novel approach to address the inherent CTA-
DSA resolution—dimensionality trade-off by formulating the problem as a 3D
shape completion task, which aims at restoring anatomy that is absent, or not
visible, from a partial anatomy. In our setting, missing vessels are reconstructed
to complete a CTA-based vascular structure from as few as two biplane DSA
projections. Our approach parameterizes the vascular field as a set of 3D Gaus-
sians drawn from two complementary sources that are jointly optimized, partial
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CTA vessel mesh surface and complete bi-plane DSA projection images. Unlike
existing methods, our approach requires no rotational acquisition or temporal
data and leverages existing patient-specific 3D geometry without requiring large
training datasets. We evaluate on both synthetic and clinical data and show
that our method outperforms the evaluated baselines, with the ability to grow
missing 3D vessel branches from CTA using DSA at submillimetric resolution.
Code and data will be made available.
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Fig. 1. Method overview: CTA priors obtained by segmentation in (a) and DSA back-
projections context points in (b) are used to initialize Gaussians that are optimized
under a composite loss in (c), leading to the final vessel reconstruction in (d).

2 Methods

2.1 Problem Formulation

We consider two DSA maximum-intensity projections I,,, with v € {AP,LAT},
together with an incomplete vessel surface mesh Mp extracted from a preopera-
tive CTA volume, which captures major vessels but misses finer branches visible
only in DSA. For each view v, the corresponding C-arm projection geometry P,
is obtained by co-registering Mp to I, using [7]. We seek a completed vessel
mesh M that recovers the missing shape so that:

M*C = aTgHA}lin Ltotal(MPv P, Iv)a (1)
C

where Liota1 combines a rendering fidelity term, a prior anchoring regularizer,
and an explicit vessel-completion loss (Sec. 2.3). To solve Eq. 1, we chose in
our method, illustrated in Fig. 1, to parameterize the vessel field as a set of 3D
Gaussians, an explicit representation that can be initialized directly from the
CTA-derived vessel mesh and rendered via differentiable rasterization [9], and
which, once optimized, can be converted into a complete vessel mesh M.



4 J. Jehkul et al.

2.2 Representation

Gaussian parameterization of 3D vessel mesh. To parameterize the vessel
mesh Mp for differentiable optimization, we represent each mesh vertex as the
center of a 3D Gaussian kernel. Additional Gaussians are introduced to capture
shape absent from the prior (Sec. 2.3). Together, these form a set of N Gaussians
G = {g;},. Following [9], each Gaussian g; carries a center p; € R?, a rotation
quaternion q; € R*, and an anisotropic scale vector s; € Rﬁ_, which together
define a covariance matrix X; € R3*3. Scales are activated from raw parameters
$; € R? via a bounded sigmoid [10,17], 8; = (Smax — Smin) 0(8;) + Smin, Which
confines all scales to the interval [Smin, Smax] and prevents degenerate kernels
that would collapse or explode. Each Gaussian additionally carries an opacity
a; = (b(h(ul)) € R>p, predicted from its center by a multi-resolution hash
encoding h [13] followed by an MLP ¢ (2 hidden layers, 64 neurons each). Given
any 3D coordinate x € R3, the opacity response due to Gaussian g; is defined
as [10, 18]:

O(x; gi) = a; exp(—5 (x—ps)" T (x—ps)). (2)

Summing over all Gaussians yields a continuous volumetric opacity field of space:
p(x) =3_,.cc O(x; gi), from which the completed vessel mesh Mc is extracted.

Generating DSA images from Gaussians. Because Gaussian Splatting
projects 3D kernels directly onto the image plane, it enables efficient, fully dif-
ferentiable rendering without discretizing a volume during training. Given a
cone-beam projection geometry P, with point source o,, each pixel defines a
ray r(a) = o, + ad, where d is the unit-length direction toward that pixel and
a € R>o parametrizes distance along the ray. Since DSA removes background
anatomy via mask subtraction, the rendered pixel value reduces to a line integral
of the opacity field p under the Beer-Lambert law [8]: I(r) = f; p(r(a)) da,
where a,, and ay denote the near and far clipping distances. This integral is com-
puted efficiently via X-ray rasterization [18], which splats each Gaussian g; € G
onto the detector plane and accumulates contributions in a single forward pass.
The complete rendered image for view v is denoted I, = R(G, Py).

2.3 Model Optimization and Output

Dual-source initialization. Solving Eq. 1 to minimize Lo, requires a careful
initialization of the Gaussian set G. Therefore, we construct two complementary
subsets, G; and Gs, such that Gt = G, U Gy with N = N; + N,. The subset
G1 is formed by sampling N7 center points from the surface of the prior mesh
Mp. The subset G5 is formed by sampling N» center points from a residual point
cloud obtained by intersecting the two DSA back-projections using FDK [4] and
retaining only points outside of Mp. This strategy seeds Gaussians in regions
supported by the prior as well as in DSA-visible vessels not covered by Mp,
providing meaningful gradients during early optimization rather than relying
solely on densification.
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Rendering loss. For each view v, we measure the discrepancy between the
rendered image I, and the target MIP I, following [9]:

‘Crender = Z |:(1_)\ssim) ||fv_Iv||1 + )\ssim (1_SSIM(fU7 Iv)):| . (3>
where Agsim 18 set to 0.07 . The Ly term drives global intensity agreement while
structural similarity [15] preserves local vessel contrast.

False-negative vessel loss. With only two views, thin branches occupy few
pixels and receive weak gradients under Lyenqer alone. We add a false-negative
loss over vessel regions, averaging pixel p by vessel area rather than image area:

Lon=Y" ﬁ S L) - L0, . (4)

PEL2,

where 2, = {p: I,(p) > 7} is the set of vessel pixels obtained by thresholding
the MIP at pre-defined threshold 7. The operator [|; clamps negative values to
zero so that only under-predicted pixels incur a penalty, hence the name false-
negative. Over-predictions are penalized by Lyender- Dividing by |£2,| rather than
the total pixel count ensures branches receive supervision proportional to their
anatomical importance.

Prior-anchoring regularizer. We assume that Gaussians that lie close to the
CTA vessel surface encode anatomy that is correct; without constraint, gradient
pressure from the two DSA views can displace these centers from their reliable
prior positions. For each center p;, we find its nearest point nn(p;) € Mp and
collect all centers within distance r into the set A = {pu; : [|p; — nn(w;)]| <
r}. Distant Gaussians remain free to discover new vessels. Each center in A is
tethered to the local mean p; of its k£ nearest points in Mp, which provides a
smoother target than a single neighbor, leading to the prior-anchoring loss:

1
Lpa = Al Z i — il (5)

Hni€EA

The squared norm permits small adjustments for registration imprecision while
penalizing large displacements disproportionately.

Training objective. The full objective combines the two data-fidelity losses
with the prior-anchoring regularizer:

Liotal = Lrender + AN LEN + Apa Lpa. (6)

where Apn and Aps are fixed hyperparameters weights that we set to 1.5 and
0.0025 respectively. Gradients of Liota update the per-Gaussian parameters (g,
di, $;) and the opacity network (h, ¢) jointly. During training we follow the den-
sification strategy of [9, 18]: Gaussians with large position gradients are cloned (if
small) or split (if large). Following [10], we prune low-opacity kernels to remove
Gaussians that do not contribute to the reconstructed volume.
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Fig. 2. Qualitative 3D reconstruction comparison (TopBrain case 001). Each
panel shows the predicted vessel mesh with CD/HD (mm) annotated; corner insets
highlight fine vessel detail. All methods show 2-view input; rightmost shows 3-view.

Output 3D Anatomy Completion. Finally, once the Gaussians are opti-
mized, we obtain the complete vessels mesh M by evaluating the opacity
field p(x) = >, cgO(x; g:) on a regular voxel grid X' at target resolution
to obtain the volume V = {p(x)}xcx [18], and extract the completed vessel
surface via marching cubes MC(-) at iso-threshold 7y, set to 0.008, yielding
Mc = MC(V, Tine)-

3 Experiments

Dataset and Metrics. To evaluate our method, we use a subset of 10 CTA
scans from the TopBrain dataset [14]. Each CTA volume is resampled to 2563
and forward-projected with TIGRE [1] onto a 512 x 512 detector. DSA images
are obtained by subtracting the mask from the fill projection. We first evaluate
using AP and LAT views and then with an additional oblique view. We simulate
incomplete priors Mp, by filtering the ground truth CTA complete mesh M by
vessel diameter at thresholds of 1.0, 1.5, and 2.0 mm. Reconstruction accuracy (in
mm) is measured using Chamfer Distance (CD) and Hausdorff Distance (HD)
between the reconstructed vessel mesh and the ground-truth complete mesh
M. We also report CDgror and HDgop, by filtering vessels from the ground-
truth surface at the same diameter applied to construct Mp. Vessels removed by
filtering define the missing region, while vessels retained define the prior region.

Table 1. Comparison with state-of-the-art methods. Best in bold.

AP, LAT AP, LAT, Oblique
CDROI (mm) HDROI (mm) CDROI (mm) HDROI (mm)
DenoiseNet  2.30 +0.48 6.30 £ 1.82

R?-Gaussian 8.78 +1.97 24.70 +10.75 4.87+1.93 18.71 4 10.23
4DRGS 8.35 £2.57 23.40£12.69 2.56 £1.38 8.50+6.85
Ours 210£0.35 453+0.50 0.86+0.11 1.68+0.63
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Table 2. Loss component ablation. Best in bold.

Views | Configuration CDJ HDJ CDror HDrotl CDyprior - HDprior 4

Lrender 1.17 £ 0.14 2.95 £ 0.66 2.02 £ 0.35 4.44 £ 0.59 0.76 + 0.16 1.28 &+ 0.91

2 Lrender + Lpa 1.13 £ 0.15 3.09 £ 0.67 2.14 +0.40 4.61 £ 0.61 0.67 £ 0.16 1.32 £ 1.14
Lyender + LFN 1.16 + 0.14 2.89 + 0.68 1.99 + 0.34 4.34 + 0.58 0.76 + 0.15 1.27 + 0.87
Liender + Lpa + Lpn 1.11 £+ 0.14 3.03 + 0.64 2.10 + 0.35 4.53 £ 0.50 0.66 + 0.15 1.30 + 1.08
Lrender 0.71 £0.09 1.09 £0.50 0.92 +0.13 1.91 +0.80 0.61 &+ 0.07 0.69 £ 0.11

3 Lrender + Lpra 0.69 £ 0.09 1.15+ 0.57 0.95+0.13 2.06 = 0.81 0.56 &+ 0.06 0.61 £ 0.08
Lrender + LFN 0.67 = 0.08 0.93 + 0.32 0.85 + 0.11 1.56 + 0.60 0.60 £+ 0.07 0.69 £ 0.09
Lyrender + Lpa + Lrn 0.64 £+ 0.08 0.94 + 0.38 0.86 + 0.11 1.68 £+ 0.63 0.54 + 0.06 0.60 + 0.07

2 Views 3 Views
Without prior Without prior
A-9.1mm [ With prior A-2.9mm [ With prior

E A-4.9 mm E

S S

~ A-1.7 mm ~

DS ég A-1.1mm

Q Q A-0.3 mm

% . By &#
>1.0 mm >1.5mm >2.0 mm >1.0 mm >1.5mm >2.0 mm
(91%) (77%) (65%) (91%) (77%) (65%)

Fig. 3. Reconstruction accuracy with varying prior vessel thickness thresholds.

Comparison. We compare against three methods: R?>-Gaussian [18], a Gaussian-
splatting method for tomographic reconstruction adapted to our synthetic DSA
setting, 4DRGS [10], a multi-view, dynamic DSA reconstruction based on ra-
diative Gaussian splatting, and a 3D nnU-Net denoiser (DenoiserNet) similar to
the ones used in [2,16] (bi-plane only). Our method is optimized in ~4 min on
an A100 GPU using Adam over 30,000 iterations with 60,000 Gaussians.

As shown in Table 1, our method achieves the lowest CDgror and HDgror
across both settings. Reducing CDgop from 8.35 to 2.10mm and HDgop from
23.40 to 4.53 mm for 2 views and from 2.56 to 0.86 mm and from 8.50 to 1.68 mm
for 3 views, compared to the best prior baseline.

Sensitivity and ablation study. We perform an ablation study to demon-
strate that each auxiliary loss targets a different error mode (see Table 2).
Adding Lpn improves the missing region, lowering HDrop from 1.91 to 1.56 mm
at 3views, while Lpa tightens the prior region, reducing CDpyior from 0.61 to
0.56 mm. Combining both yields the best overall CD at both view counts.

We furthermore show in Table 3 that residual intersected FDK initialization
outperforms all alternatives, reducing CDgro1 from 3.62 to 2.10mm at 2 views
and from 1.26 to 0.86 mm at 3 views compared to using no context points.
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Py

Py

Fig. 4. Qualitative evaluation on clinical data. Each patient (P, P>, Ps) is shown
in AP and LAT views across two rows. From left to right: input DSA projections I,,
prior CTA mesh Mp, completed mesh Mc from two viewpoints (prior vessels in red,
newly recovered vessels in gray) and Gaussian renderings of Mp and Mc.

Finally, Fig. 3 shows the effect of CTA prior completeness. With 2 views,
adding the prior reduces CDgo1 by 9.1 mm at the > 1.0 mm threshold, by 4.9 mm
at > 1.5mm, and by 1.7mm at the coarsest >2.0mm level. With 3 views the
gains are smaller but consistent, with reductions of 2.9, 1.1, and 0.3 mm respec-
tively. Adding a third view improves metrics across all prior levels.

Results on Clinical Data. To validate clinical applicability, we apply our
method to clinical biplane DSA acquisitions and CTA from three patients. CTA-
derived prior are obtained via manual segmentation and CTA-to-DSA registra-
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Table 3. Context-point initialization methods ablation. Best in bold.

AP, LAT AP, LAT, Oblique
CDro1 (mm) HDgror (mm) CDgror (mm) HDgror (mm)
No M2 (Ml only) 3.62+1.30 9494350 1.264+0.50 2.69+1.69
Uniform 3.97+1.11 10.314+2.62 1.37+0.42 3.07+2.03
Residual FDK 2.994+0.66 8464234 0.954+0.17 1.96+1.21
Residual Intersected FDK 2.10 +:0.35 4.53 +0.50 0.86 +0.11 1.68 +0.63

tion is performed using xvr [7]. Qualitative results are reported in Fig. 4 showing
that the completed mesh recovers distal branches visible in DSA but absent from
the CTA, at a spatial DSA resolution of 0.216+0.054 mm, compared to the prior
CTA resolution of 0.833 4+ 0.144 mm, on average over the three patients.

4 Conclusion

In this paper we proposed to tackle the CTA-DSA imaging resolution comple-
mentarity, as an shape completion problem, where 3D vessels not visible in CTA
can be reconstructed using bi-plane DSA and CTA priors, by optimizing 3D
Gaussians primitives. Our method outperforms related works on both synthetic
and clinical data with only AP and LAT projections, and further improves in
the presence of an oblique projection, suggesting the potential for applicability
in real-world clinical settings. Future work will focus on the transfer of DSA-
based hemodynamics to the 3D completed vessels, and on incorporating denois-
ing priors, which could improve the initialization and optimization. Validating
the method on a dataset where high- and low-resolution CTA can be acquired,
with their corresponding DSA is also an important direction for future work.
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