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Abstract. 2D X-Ray imaging provides real-time guidance during min-
imally invasive interventions. Nonetheless, it lacks depth and soft-tissue
contrast. Clinicians must therefore mentally register it with preoper-
ative 3D Computed Tomography (CT), increasing cognitive overload.
LXPose, a recent two-stage CNN framework, automates this 3D /2D reg-
istration in real time (20ms) through a single forward pass, bypassing the
much slower (7s) state-of-the-art optimization methods. However, its ac-
curacy remains limited by the domain gap between synthetic training
projections and real intraoperative X-Rays. Here, we propose to build
on this method and present LXPose++-, which introduces two targeted
improvements: masking the CT to retain only rigid bones, preventing
the networks from aligning anatomies that deform intraoperatively; and
integrating a Convolutional Block Attention Module (CBAM) to refine
feature extraction. On two datasets spanning different organs, these im-
provements nearly halve the projection error of LXPose with no added
inference cost. Crucially, LXPose++ reaches the accuracy of state-of-
the-art optimization methods, while being 40 times faster, a step toward
online clinical applications. Code and models are available here.

Keywords: Image-guided interventions - 3D /2D registration - Atten-
tion mechanisms

1 Introduction

Minimally invasive interventions rely on image guidance to visualize patient
anatomy and surgical tools, reducing invasiveness and improving procedural
safety [29]. X-Ray fluoroscopy acquired with C-arm systems is the dominant
modality in image-guided procedures due to its real-time capability. However, it
provides only 2D projections with limited depth and poor soft-tissue contrast.
For this reason, procedure planning typically relies on preoperative 3D Com-
puted Tomography (CT). During intervention, clinicians must mentally project
this preoperative 3D information onto intraoperative 2D X-Rays to interpret the
spatial relationship between tools and anatomy, increasing the cognitive load and
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the risk of errors [44y35]. This can be addressed by aligning 3D CT with live 2D
fluoroscopy, improving accuracy while reducing procedure time and radiation
exposure [522]. However, beyond accuracy, clinical deployment imposes strict
real-time constraints: a latency below ~200ms is required to preserve hand-eye
coordination, and is further decreased to 40ms per frame for robot-assisted guid-
ance, where imaging must be tightly coupled to robotic control loops [36/39U34].

Aligning intraoperative X-Rays with a CT volume is typically formulated as
a registration problem. Since both modalities share the same imaging physics,
digitally reconstructed radiographs (DRRs) can be synthesized by simulating X-
Ray propagation through the scan [28)24], and the goal is to find the C-arm pose
for which these projections best match the intraoperative X-Rays. Classical ap-
proaches solve this by iteratively optimizing a similarity measure between DRRs
and X-Rays [I4J3I30]; their accuracy depends on the realism of the simulated
projections, motivating advanced DRR frameworks such as DeepDRR, [20/16//9].
While differentiable DRR rendering and learning-based initialization have im-
proved robustness [TTT3IT2l45], optimization still requires several seconds to
converge, making it unsuitable for real-time guidance. To remove this bottle-
neck, several works reformulate registration as direct pose regression, estimating
the C-arm pose in a single forward pass [26/4J3T]. As annotated clinical fluo-
roscopy is scarce, these networks are trained on synthetic DRRs, which is a
major obstacle to clinical deployment due to the domain gap between training
DRRs and real intraoperative X-Rays seen at test-time. This gap has two main
components. The first is a morphological gap arising from deformations between
preoperative imaging and intervention, partly rigid (bone motion) and partly
non-rigid (soft-tissue deformation); the second is an intensity gap driven by dif-
ferences in acquisition characteristics. Since DRRs are rendered from a single
preoperative CT, they capture none of the morphological variation present in
intraoperative X-Rays, and bridging this gap is therefore a prerequisite for accu-
rate pose estimation. On the morphological side, one approach deforms the CT
volume prior to DRR generation to simulate respiratory motion and other intra-
operative changes [27], while xvr [I3] sidesteps the problem entirely by masking
the CT to retain only rigid bony structures, anchoring registration to anatomy
that remains stable across acquisitions. The intensity gap, instead, is typically
addressed through GAN-based image translation between the DRR and X-Ray
domains [20/TO/T6] or through domain randomization, which has the advantage
of requiring no intraoperative X-Rays [38/9].

In this paper, we present LXPose++, an enhanced version of LXPose [§], a
two-stage CNN that progressively refines pose estimates in a single forward pass
for real-time deployment. Beyond the extended data augmentation used to mit-
igate the domain gap, we introduce two complementary strategies to bridge the
discrepancy between simulated training data and clinical intraoperative X-Rays.
First, we mask the preoperative CT to isolate rigid bony structures [I3|, prevent-
ing the network from aligning anatomies subject to intraoperative deformation.
Second, we integrate a Convolutional Block Attention Module (CBAM) [42] into
both stages, applying channel-wise and spatial attention to steer the network to-
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Fig. 1. Method overview. Given an input X-Ray, CNN; first regresses an initial pose
Pinit using a ResNet-18 backbone [18], a CBAM attention module, and fully connected
(fc) layers, trained with a projection loss Lmpp,. A DRR is then rendered at Pinit
and fed alongside the input X-Ray to CNN2, which predicts a correction AP, yielding
the final pose P=AP. Pinit, optimized with £, pp,. Crucially, the DRR used in this
refinement stage is simulated from a CT masked to retain only rigid bone structures.

ward informative regions. While performing competitively with the state-of-the-
art methods on two public datasets, our method operates 40x faster, thereby
providing real-time inference speed necessary for clinical deployment.

2 Methods

Our method builds on LXPose [§], a real-time multi-stage CNN for 3D /2D regis-
tration, and introduces two contributions to tackle the real-to-synthetic domain
gap: we mask the CT used in the registration model to restrict alignment to
rigid bony anatomy [I3], and we integrate a CBAM [42] attention module at
each stage to refine feature extraction. Our method is illustrated in Figure

2.1 Projection geometry

Our goal is to estimate the pose of the X-Ray source (i.e., C-arm) relatively
to the 3D preoperative CT. The projection geometry of a C-arm is commonly
formulated using the pinhole camera model [17], describing how 3D CT voxels are
projected onto a 2D X-Ray image plane. This model relies on a 3 x 4 projection
matrix IT = KP that maps 3D world points to 2D image pixels via X?P =
KP X3P, The intrinsic matrix K encodes the camera parameters, while the
extrinsic pose matrix P = [R|t] € R®** captures the rigid transform from
world to camera coordinates, with R € R3*3 the rotation matrix and ¢t € R?
the translation vector. In practice, t encodes the in-plane position (¢5,t,) and
magnification ¢,, and R is parametrised by three angles («, 3,7) comprising the
orbital and secondary gantry angles and the detector normal angle, respectively.
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2.2 Multi-stage CNN and learning

LXPose++ employs a two-stage cascaded architecture that progressively refines
the pose estimate [§]. First, CNN; directly regresses the C-arm pose P, from
the input image, parametrizing rotation as an axis-angle vector converted to
a rotation matrix via the Rodrigues formula [I7]. A DRR is then rendered at
Pyt using the differentiable diff DRR X-Ray simulator [11]]. Finally, CNN, takes
both this synthetic image and the input X-Ray to predict a residual correction
PA, yielding the final pose P= PA P, Each stage employs a ResNet-18 back-
bone [18], a CBAM [42] attention module (Section [2.4), and a fully connected
layer that regresses the rotation («, 5,7) and translation (t,,t,,t,) parameters.

Training is performed end-to-end with a mean Projection Distance (mPD)
loss for each CNN [7]. Following LXPose and to avoid manual annotation, land-
marks used to compute mPD during training are extracted automatically from
the CT surface meshes [§]. Crucially, CNNy can be applied iteratively, each time
re-rendering a DRR at the current pose estimate and predicting a further cor-
rection, enabling progressive refinement.

2.3 Anatomical CT masking

Building on xvr [I3], we propose to mask the CT used for DRR rendering for
CNNy, with the aim of retaining only rigid bony structures (e.g., pelvis, sacrum,
and lumbar vertebrae). This is achieved by using an automated bone segmen-
tation obtained with TotalSegmentator [41], and zeroing all voxels outside the
skeletal mask, so that ray-casting produces a DRR only containing rigid bone.
As a result, the registration CNN focuses exclusively on rigid anatomy.

2.4 Convolutional Block Attention Module

To help focusing networks’ attention on key features for pose estimation, we inte-
grate a CBAM [42] module after the final block of each CNN, only bringing neg-
ligible computation overhead. In contrast to recent segmentation-oriented atten-
tion modules targeting large receptive fields [2JT9J43], we favor lightweight local
reweighting suited to registration. Given a feature map F € RE*H*W CBAM
sequentially computes channel attention M.(F) € RE*1*! and spatial attention
M, (F') € RUHXW Cyefining F as F/ = M.(F)® F and F" = My(F') ® F',
where ® is the element-wise multiplication. The channel map is computed via
a shared multi-layer perceptron (MLP) and sigmoid function o as M.(F) =
o(MLP(AvgPool(F)) +MLP(MaxPool(F))), amplifying discriminative channels
and suppressing the rest. The spatial map is then computed with a 7x7 convolu-
tion f on channel-pooled features M, (F') = o(f([AvgPool(F’); MaxPool(F")])),
with the aim of highlighting the most discriminative image regions [42].

2.5 Implementation details

DRR simulation: Training DRRs are simulated on the fly using diff DRR [11]
at a resolution of 256 x 256, with C-arm pose parameters sampled from nor-
mal distributions (potentially multimodal, depending on the clinical acquisition
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pattern), whose standard deviations are calibrated to each dataset. Aggressive
data augmentation is applied as in [8] (Gaussian noise, Gaussian blur, sharpen-
ing, gamma correction, salt-and-pepper noise, and plasma intensity variations)
to mitigate the domain gap between synthetic DRRs and real X-Rays.
Training: Training is conducted for 1500 epochs with a batch size of 16, using
the Adam optimizer [23] with an initial learning rate of 1072 and a warmup co-
sine scheduler. All networks are implemented in PyTorch [33]. Training converges
within 8-15 hours on an NVIDIA A100 (80 GB), depending on anatomical com-
plexity and pose parameter ranges. At inference, a single forward pass through
both stages completes in 20ms on a consumer-grade 12 GB NVIDIA 1080 Ti,
satisfying the 40ms real-time control constraint.

3 Experiments and results

3.1 Dataset and preprocessing

We evaluate LXPose++ on two public datasets covering distinct anatomies and
X-Ray modalities.

DeepFluoro [I5]: this dataset contains six cadaveric subjects, each with a
pelvic CT and a series of [24-111] X-Rays (366 total), with known intrinsics,
ground truth C-arm poses, and annotated landmarks for evaluation. DRRs are
generated by sampling C-arm poses from zero-centered Gaussians with standard
deviations: 15° («, 3), 5° (v), 50mm (¢, t,), and 100mm (¢.). Raw attenuation
images I are converted to absorption images I, = log[max(I)] — log I, where
max(I) corresponds to rays through air only. Images are cropped to remove the
collimator effect and resampled to 256 x 256.

Ljubljana [32]: this dataset comprises cerebral digital subtraction angiogra-
phies (DSA) from 10 endovascular neurointervention patients. Each patient has
one 3D DSA and two 2D DSAs (lateral and frontal views), available with ground
truth intrinsics, C-arm poses, and 3D landmarks for evaluation. The 3D DSA
images are thresholded at 1000HU to suppress background noise. DRRs are gen-
erated by sampling poses from zero-centered Gaussians with standard deviations
of 0.05° (a, ), 10mm (¢;), and 20mm (¢,). To match the lateral/frontal acquisi-
tion protocol, 8 and t, are sampled from a bimodal Gaussian mixtures: N'(u =
—0.16,02 = 0.18) and N (u = 1.56,02 = 0.03) for B; N'(p = —23,0% = 2.5) and
N(u=0.4,0% =1) for t,. Fixed intrinsics are used during training, whereas ho-
mographies are applied at test time to correct for intrinsics variations [§]. Images
are resampled to 256 x 256 and converted to absorption images.

3.2 Baselines

We compare LXPose++ against the following methods. First, PoseNet [2]] is a
supervised method that regresses C-arm poses directly from real X-Rays. Next,
xvr [13] is the state-of-the-art method in CT/X-ray registration, and uses opti-
mization to refine initial poses estimated from a regression CNN. We also eval-
uate xvr-reg, a variant of xvr with only its regression CNN. We then compare
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Table 1. Mean (standard deviation) scores for all methods. Within the strict real-time
control scenario (<40ms), bold values indicate the best performance and * marks sta-
tistical significance (Bonferroni-corrected Wilcoxon signed-rank test, 1% level). Results
for the real-time visualization (<200ms) and offline scenarios are also reported. mPD,
mTRE, ¢, ty, t. are reported in mm; «, /3, v in degrees; time in seconds.

Real-time control Real-time vis.
40ms 200ms Offline
metric | PoseNet XVr-reg LXPose LXPose+—+ LXPose++ 12-iter XVr
DeepFluoro dataset
mPD |77.7 (22.6) 4.07 (2.06) 0.98 (1.22) 0.51 (1.20)* 0.45 (1.20) 0.41 (1.38)
mTRE | 187 (22.6) 32.4 (18.3) 11.3 (15.8) 5.75 (14.9)* 4.92 (14.9) 3.81 (14.9)
«a 10.4 (7.31) 1.35 (1.18) 0.35 (0.54) 0.22 (0.50)* 0.19 (0.52) 0.16 (0.52)
B 5.90 (4.12) 1.55 (1.30) 0.55 (1.07) 0.29 (1.04)* 0.25 (1.04) 0.18 (1.03)
o' 7.39 (3.30) 0.98 (0.73) 0.26 (0.30) 0.09 (0.19)* 0.08 (0.19) 0.06 (0.19)
ta 15.9 (11.8) 1.20 (0.93) 0.28 (0.44) 0.14 (0.32)* 0.12 (0.30) 0.12 (0.29)
ty 48.0 (16.4) 1.03 (0.78) 0.34 (0.30) 0.13 (0.19)* 0.11 (0.16) 0.08 (0.31)
t, 62.9 (37.6) 12.7 (9.56) 4.89 (6.39) 1.83 (3.69)* 1.54 (3.52) 1.36 (3.54)
time [0.01 (0.03) 0.01 (0.03) 0.02 (0.03) 0.02 (0.03) 0.19 (0.02) 7.78 (2.09)
Ljubljana dataset

mPD - 2.43 (1.02) 0.87 (0.28) 0.75 (0.21)* 0.68 (0.17) 0.63 (0.14)
mTRE - 28.3 (16.1) 11.7 (6.90) 6.86 (4.02)* 4.75 (2.94) 1.69 (1.03)
« - 1.29 (1.13) 0.53 (0.42) 0.29 (0.28)* 0.23 (0.22) 0.06 (0.06)
B - 1.19 (1.03) 0.31 (0.37) 0.23 (0.16)* 0.16 (0.13) 0.05 (0.06)
o' - 0.43 (0.41) 0.23 (0.17) 0.19 (0.15)* 0.14 (0.13) 0.06 (0.05)
ta - 0.60 (0.48) 0.29 (0.20) 0.23 (0.19)* 0.27 (0.16) 0.20 (0.10)
ty - 0.84 (0.73) 0.46 (0.29) 0.42 (0.22)* 0.41 (0.19) 0.34 (0.10)
t, - 8.07 (6.69) 6.55 (5.09) 3.27 (2.78)* 1.70 (0.92) 0.66 (0.50)
time - 0.01 (0.03) 0.02 (0.03) 0.02 (0.03) 0.19 (0.02) 8.25 (1.12)

against LXPose [8] in order to isolate the contribution of our two improvements
(masked CT and CBAM). Finally, we test LXPose++ with a single pass (satis-
fying the 40ms real-time control constraint), and a variant LXPose++ 12-iter
that applies the registration CNN 12 times (satisfying the 200ms real-time visu-
alization constraint). All methods are retrained using original implementations.

3.3 Results

Registration performance: In this experiment, we compare all methods on
the two datasets, except for PoseNet on Ljubljana due to the limited availability
of real X-Rays necessary to train PoseNet. Since image guidance is performed
on the 2D X-Ray plane, our primary metric is the mean Projection Distance
(mPD). For completeness we also report the 3D mean Target Registration Error
(mTRE), the per-parameter absolute errors (a, 5,7 in degrees; t;,t,,t, in mm),
and the inference time per image. Results are grouped by deployment regime:
strict real-time control (<40ms), real-time visualization (<200ms), and offline.

Remarkably, Table [I] shows that our method LXPose++ outperforms every
other real-time-compliant baseline on both anatomies, for all metrics, and with
statistical significance. This superiority is particularly pronounced for the direct
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Fig. 2. CT to X-Ray registration results for all methods visualized as: the input X-
Ray with 3D-derived landmarks projected from the ground truth pose, DRR with the
landmarks projected from the predicted pose.

regression baselines with improvements of 77.2mm and 3.66mm in mPD for
LXPose++ over PoseNet and xvr-reg, respectively. These results highlight the
difficulty of tackling the 3D CT to 2D X-Ray registration problem with direct
regression alone, and confirms the need for further refinement, as in LXPose++.

More detailed comparison with the original LXPose reveals that, on Deep-
Fluoro, LXPose++ reduces the mPD metric from 0.98mm to 0.51mm (a 48%
relative improvement) while preserving the 20ms inference time, thus remaining
within the strict 40ms real-time control budget. The gain is consistent across ev-
ery pose parameter: the depth translation ¢, in particular, drops from 4.89mm
to 1.83mm. When the time budget is relaxed to the 200ms real-time visualiza-
tion regime, applying the registration network for 12 iterations further lowers
the mPD to 0.45mm and the mTRE to 4.92mm. Crucially, these performances
match the accuracy of the state-of-the-art offline method xvr while running 40x
faster, demonstrating that real-time performance can be achieved without com-
promising registration accuracy. This behaviour is also illustrated qualitatively
in Figure [2f the base LXPose produces a visibly large landmark misalignment,
whereas LXPose++ reaches a quality that is visually indistinguishable from xvr.

A similar trend is observed on the Ljubljana dataset, where adding CBAM
attention alone in LXPose++ improves the mPD of LXPose from 0.87mm to
0.75mm and roughly halves the mTRE (11.7mm to 6.86mm) at no additional
inference cost. With 12 iterations in LXPose++, the mPD further drops to
0.68mm and the mTRE to 4.75mm. While the in-plane mPD is closely com-
parable to the state-of-the-art offline xvr, a residual 3D gap remains in mTRE
(1.69mm), driven primarily by the depth translation t,; LXPose++ nonetheless
runs over 43x faster. This outcome further demonstrates that accurate CT to
X-Ray alignment is achievable under a real-time deployment budget.

Effect of attention and CT masking: We now conduct ablations to study the
impact of each new component of LXPose++ over LXPose (first two columns of
Table [2)) on the DeepFluoro dataset. CT masking and attention modules both
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Fig. 3. Grad-CAM [37] maps for both CNN stages in LXPose and LXPose++ on a
representative subject of the DeepFluoro dataset.

Table 2. Ablation scores reported for the DeepFluoro real X-Rays as well as on equiva-
lent DRRs generated using the ground truth poses. Best scores are in bold and * marks
statistical significance (Bonferroni-corrected Wilcoxon signed-rank test, 1% level).

Real X-Rays DRRs
Ablations mPD mTRE mPD mTRE
LXPose 0.98 (1.22) 11.3 (15.8) 0.22 (0.28)  2.54 (3.32)
LXPose @ attention 0.87 (1.26) 9.18 (15.37) 0.13 (0.15)  1.09 (1.12)
LXPose @ masked CT | 0.90 (1.59) 8.73 (15.82) 0.35 (0.55) 3.15 (3.65)
LXPose++ 0.51 (1.20)* 5.75 (14.94)* | 0.12 (0.10)* 1.16 (1.14)

improve performance by enabling the registration network to focus its attention
on the rigid bony structures, which prevents the network from being influenced
by non-rigid features. Importantly, combining both improvements within LX-
Pose++ roughly halves the error of LXPose, reaching 0.45 mm mPD and 4.92mm
mTRE on real X-Rays, significantly below either component in isolation.

In order to precisely quantify the remaining performance gap between the real
X-Rays and the training DRRs, we additionally report results obtained on DRRs
generated using diff DRR on the CTs from the ground truth poses. Interestingly,
this residual gap is markedly reduced by LXPose-++: a ~57% reduction in both
metrics with respect to the base LXPose.

Finally, to qualitatively assess how the employed attention mechanisms im-
pact the learning process, we compute Grad-CAM [37] activation maps for the
base LXPose and LXPose++ for both CNN; and CNNy (Figure 3). For the
base LXPose, the activations are small and spatially restricted, relying on only a
few isolated spots. In contrast, LXPose++ produces more spread-out activations
that extend over the registration-relevant anatomy (e.g., the pelvis).

4 Conclusion

We presented LXPose++, a multi-stage registration framework that narrows
the gap between synthetic training data and real intraoperative X-Rays through
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targeted input masking and attention-based mechanisms. Their combination re-
duces the projection error of the base LXPose by nearly half, without any in-
crease in inference time. With iterative refinement under the 200ms visualization
budget, accuracy becomes competitive with offline state-of-the-art optimization
method xvr [13], while running 40 times faster. Future work will target deploy-
ment in live clinical and robotic settings by bridging the residual DRR/X-Ray
domain gap, validating on datasets with surgical instruments, and extending to
patient-agnostic and non-rigid models [25]. Overall, LXPose++ paves the way
for real-time registration in image-guided and robot-assisted interventions.
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