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Abstract. Endoscopic retrograde cholangiopancreatography with duo-
denoscopy and fluoroscopy is routinely performed to diagnose and treat
biliary and pancreatic diseases. It still remains challenging to align 2D
fluoroscopic images and 3D preoperative volumes for precisely navigat-
ing surgical tools and locating anatomical targets in the body. This work
explores a new intraoperative fluoroscopy-volume (2D-3D) registration
framework that combines virtual-supervision pose regression networks
and pose optimization without manually annotating any 2D fluoroscopic
images from 3D preoperative volumes. The regression networks with a
dual-branch design, a skeleton-guided spatial attention mechanism, and
an auxiliary bone mask decoder can successfully extract fluoroscopic im-
age and its skeleton bone mask features to initially estimate the flu-
oroscope pose, while the optimization step combines bone-proportion-
weighted local normalized cross correlation with the dice of the bone
mask to suppress non-bone interference and enforce structural consis-
tency for iterative registration. We evaluate our methods on public data
(without duodenoscope occlusion) and in-house data (with duodeno-
scope occlusion), with the experimental results showing that the pro-
posed framework significantly outperforms state-of-the-art registration
methods, reducing the registration error from 66.07 to 8.25 mm, as well
as enhancing the registration success rate from 12.8% to 79.4%.
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1 Introduction

Minimally invasive surgery such as endoscopic retrograde cholangiopancreatog-
raphy (ERCP) usually requires fluoroscopy (X-ray) imaging to obtain spatial
information of target anatomical structures and surgical instruments [4].X-ray
imaging suffers from inherent limitations, e.g., lack of depth information, radi-
ation exposure, and limited soft-tissue visibility. Typically, ERCP is a surgical
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procedure for biliary and pancreatic diseases but carries a high risk of complica-
tions [I]. Intraoperative 2D-3D registration, i.e., aligning preoperative acquired
3D computed tomography (CT) or magnetic resonance (MR) volumes with intra-
operative 2D fluoroscopic (X-ray) images, is a promising way to deal with these
limitations and complications [I5], enhancing surgical safety and efficiency.

Current intraoperative registration methods include landmark-, intensity-
and learning-based methods. Landmark-based methods annotate anatomical
landmarks in 2D and 3D images and estimate the pose using techniques like
perspective-n-point [I2/13]. These methods are accurate but rely on expert an-
notations [2] and are sensitive to instrument occlusion. Intensity-based methods
maximize the similarity between real and virtual fluoroscopic images [6/8]. They
require no manual annotation and offer good generalization but are affected by
occlusion and domain shift. Deep learning—based approaches are increasingly de-
veloped in recent years [5l[7]. These approaches typically rely on data annotation
and augmentation to improve the generalization, but still fail to align real and
virtual images with occlusion and domain shift.

To address the limitations mentioned above, this work proposes a new in-
traoperative fluoroscopy-volume (2D-3D) registration framework with virtual
fluoroscopic data generation and virtual-supervision pose regression networks
(VPRN). The technical contributions or highlights are clarified as follows. First,
a new architecture of VPRN is created with skeleton-guided spatial attention,
dual-branch feature extraction, and gated fusion. Specifically, we incorporate
automatically segmented skeleton bone masks into feature extraction and pose
optimization to address the problems of occlusion and domain shift between
virtual and real X-ray images. Skeleton bone structures are high-contrast and
minimally affected by occlusion and domain shift, significantly improving ro-
bustness and registration accuracy. Next, a new pose optimization strategy to
improve the registration accuracy and stability is established by the weighted
local normalized cross correlation and dice similarity measures. Additionally, a
differentiable skeleton bone render is created for both model training and pose
optimization.

2 Intraoperative Fluoroscopy-Volume Registration

This section details our virtual data generator, VPRN and pose optimization
for intraoperative 2D-3D registration. Virtual fluoroscopic (X-ray) images and
skeleton bone masks are automatically generated to train VPRN for initial flu-
oroscope pose estimation. In the optimization stage, the VPRN-estimated fluo-
roscope pose is refined for accurate registration. Fig. [[] illustrates the workflow
of virtual fluoroscopic data generation and the architecture of VPRN.

2.1 Virtual Fluoroscopic Data Generation

As shown in Fig.[l] for a given pose T, 2D virtual fluoroscopic images are gener-
ated using differential digitally reconstructed radiography (DiffDRR) [7], while
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Fig. 1: The Intraoperative fluoroscopy-volume registration with virtual fluoro-
scopic data generation and virtual-supervision pose regression networks

their corresponding skeleton bone masks are generated by a differential skele-
ton bone render (DiffSBR). Their differentiability enables end-to-end training
and gradient-based optimization. Here, DiffSBR is designed based on Diff DRR
to avoid additional model complexity and computational overhead. Specifically,
non-bone tissues are first removed from CT images via thresholding, retaining
only the attenuation coefficients of skeletal structures. The shared differentiable
rendering process then produces both virtual X-ray image I and bone-only pro-
jection image I;. Finally, I, is normalized and passed through a tanh function
to generate a skeleton bone mask M that approximates a binary distribution:

B a(Ip — min(Iys))
M = tanh (maX(J\I4M) - minj\{IM))’ (1)

where « is a scaling factor that expands the normalized values of Ip;. To auto-
matically generate training samples or data, random perturbations { AT;} Y | are
sampled around the central pose T. to generate a set of poses {T;}, defined
as T; = AT;T.. All the poses are used to render virtual fluoroscopic {L-}lN:1
and their corresponding skeleton bone masks {M;}¥ , for training.

2.2 Virtual-Supervision Pose Regression Networks

VPRN adopts a symmetric dual-branch architecture with encoders £x and &g
extracting input image feature F; and skeleton bone mask feature Fj; from I
and M. Encoders £x and s are the architecture of ResNet-18 [10].
Skeleton-Guided Spatial Attention. Fig. [2| shows the structure of the
skeleton-guide spatial attention. At each encoding layer I (I = 1,2,3,4), bone
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Fig. 2: Structures of the skeleton-guided spatial attention and gated fusion

mask feature Fi, € RHXWixCi gonerates a spatial attention map A!, which

modulates the image branch feature F! € RT*WixCi to produce feature F}:
Al = Sigmoid (Conv;;xg([Angool(F]lw); MaxPool(F}W])) EPL=FlgAl, (2

where Al € RHXWix1 AygPool and MaxPool are channel-wise average and max-
imum operations, and ® denotes the element-wise multiplication. The skeleton-
guided spatial attention focuses the image features on stable bone regions, sup-
pressing interference from non-bone regions and enhancing robustness under
complex intraoperative fluoroscopic imaging conditions.

Gated Fusion. Fig. [2] shows the structure of the gated fusion. The image
feature F’I and skeletal mask feature F); are first concatenated along the channel
dimension. A convolutional layer followed by a sigmoid activation function learns
a coeflicient a for adaptive fusion:

a= Sigmoid(Conv([FI; FM])) (3)
F=a@Fy+(1—a)®F; (4)

This module adaptively balances image and skeletal semantic information for
pose regression. The fused feature F' is then fed into independent multi-layer
perceptron (MLP) to regress rotation and translation parameters.

Training Loss. During encoding, the multi-scale skeleton bone mask feature
modulates the image feature through the skeleton-guided spatial attention, en-
hancing the network’s focus on skeletal structures. After the feature extraction,
the image feature Fy is fed into two paths. One path is processed by decoder
Dx, which predicts the bone mask M from the input X-ray image I. The mean
squared error loss Lysg is then computed by comparing M with ground truth
mask M. This auxiliary task helps encoder £x focus on bone-related discrimi-
native features. Note that Dx is only employed during training to provide this
structural supervision, and is removed during intraoperative inference.

Another path is adaptively fused with bone mask features F); via a gated
fusion module. The fused features are then fed into two independent MLPs to
regress rotation and translation parameters, yielding the final pose estimate T.
Subsequently, the predicted pose T is compared with the ground-truth pose T
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to compute the geometric loss Lgro:

Loro(T.2:1) =\ (L 1oa TR+ = 2 + 1oar )] (9

where log(+) denotes the logarithm and f is the focal length. Using ’i‘, a synthetic
X-ray image I is generated through DifDRR. The normalized cross-correlation
(NCC) loss Lncc is then computed to compare I with the input X-ray image I.
The overall loss is the combination of the three components:

L = Lyvse + ALceo — Lnce, (6)

where A1 and Ao are hyperparameters that are experimentally determined.

2.3 Intraoperative Pose Optimization

During the VPRN-based intraoperative 2D-3D registration, a pre-trained seg-
mentation network (this work uses nnU-Net [IT]) is first employed to extract
skeleton bone mask M from 2D real fluoroscopic I. Real X-ray image and seg-
mented mask I and M are then fed into the trained virtual-supervision pose
regression networks to estimate the initial pose of the current real fluoroscopic
image. This initial pose is refined by the optimization procedure, as shown in
Fig. Bl(a).

Basically, the pose optimization iteratively generate virtual fluoroscopic i(’i‘)
and skeleton bone mask M(T) via differentiable rendering and the initial pose
T to compute the skeleton bone mask dice SDice(M,M(T)) and the weighted
local NCC (WLNCC) similarity Swrncc(L I(T), M)

Y w(MyNCC(I, I (T))
>y (M)

Swince(LI(T),M) ; (7)
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TN
w( = v Z ZMk(u,v), (8)

where Ij, and I;(T) are the k-th image patches in I, I(T), and My, is the k-th
skeleton bone mask patch in M.
Eventually, the pose optimization procedure is formulated as:

T, = arg4 max (SWLNCC(I, i(’i‘), M) + Spice (M, M(T))), 9)

which maximizes the total similarity to obtain the optimal pose T,.

A robust similarity measure is essential to deal with instrument occlusion and
domain shift between virtual and real X-ray images for accurate 2D-3D registra-
tion. This work introduces a hybrid similarity measure with Spjce(M, M(T)) and
Swince(I, i(’i‘), M). WLNCC can independently compute the structural simi-
larity in local windows or patches and be less sensitive to occlusion regions, and
weight or suppress non-bone regions that are typically more severely corrupted.
The skeleton bone dice similarity enforces global structural consistency of the
skeletal regions. Therefore, the hybrid similarity measure can complementarily
characterize local details and global structures during optimization, achieving
an accurate alignment between virtual and real fluoroscopic images.

3 Validation

We collected clinical fluoroscopic images and preoperative CT scans from pa-
tients who underwent ERCP procedures. Our in-house database totally contains
320 real fluoroscopic (X-ray) images. Most real fluoroscopic images in the in-
house database involve duodenoscope occlusion and inter-case variations. Ad-
ditionally, we conducted experiments on a public database DeepFluoro [9] that
includes 366 X-ray images. Both in-house and public databases were used to
evaluate our proposed and state-of-the-art 2D-3D registration methods.

We used the Adam optimizer with a learning rate of 1 x 10~ and cosine
annealing for 1000 epochs. Each epoch dynamically generates 800 virtual X-
ray images with a batch size of 8. Segmenting skeleton bone mask from 2D real
fluoroscopic images uses nnU-Net [11] that was trained on 524 annotated images.
In the pose optimization, the WLNCC window size was 21, with initial learning
rates of 7.5 x 1073 for rotation and 5 for translation, using Adam. The learning
rate decays by 0.9 every 25 iterations in 250 iterations. The hyperparameters
used in all experiments were experimentally determined: o = 50, \; = 10 and
Ao = 1072, All experiments were conducted on an NVIDIA RTX 3090 GPU.

We used four evaluation metrics: 3D mean target registration error (mnTRE),
2D mean projection distance (mPD), registration success rate (SR) that is the
proportion of cases with mTRE < 10 mm, and sub-millimeter success rate (SSR)
that is the proportion of cases with mTRE < 1 mm.
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Fig.4: The registration results of using different methods: Columns 1-5 corre-
spond to real fluoroscopic images, our VPRN model, DiffPose [7], BiPose [14]
and WSReg [3]. The registered structures (green contours) and error maps (Rows
3-4, blue and red indicate large errors) were overlaid on real X-ray images

4 Results and Discussion

Methods Comparison. We compare our VPRN-based intraoperative 2D-3D
registration method with state-of-the-art approaches including DiffPose [7], Bi-
Pose [14], and WSReg [3]. Fig. @ illustrates the registration results of using these
compared methods tested on in-house and public data. Rows 1-2 in Fig. f]demon-
strate VPRN can maintain stable registration with strong structural (green re-
gions — skeleton bones) consistency between real and virtual images under oc-
clusion and domain shift. Rows 3-4 show the error maps (blue and red indicate
large errors) of the methods. VPRN attains much lower error than the others.

Table [I] summarizes the quantitative results of all the methods. While all the
methods achieve comparable results in DeepFluoro without endoscope occlusion,
VPRN attains much better registration accuracy than the other methods. It can
reduce mTRE, mPD from 66.07 mm, 33.25 mm to 8.25 mm, 4.34 mm, as well as
improve SR from 12.8% to 79.4%. This implies that our method is much robust
to occlusion and domain shift, while the others suffer from these problems.
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Table 1: Comparison of different methods DiffPose [7], BiPose [14], WSReg [3]
and VPRN tested on in-house and public databases (mPD and mTRE unit: mm)

Methods In-house Data Public DeepFluoro
mTRE | mPDJ SR 1 mTRE | mPDJ SSR 1
DiffPose [7] | 69.13+46.61 | 49.86+48.47 | 2.9% | 0.78+£1.49 | 2.04+1.32 | 83.6%
BiPose [14] | 136.9+59.92 | 109.1+80.49 | 0.0% | 0.84+2.27 | 2.13+3.25 | 83.9%
WSReg [3] | 66.07+56.41 | 33.25+23.43 | 12.8% | 0.73+£1.38 | 1.97+1.24 | 84.4%
Our VPRN | 8.25+11.34 | 4.344+6.40 | 79.4% | 0.63+1.35 | 1.914+1.09 | 90.4%

Table 2: Different modules of O, 05,03, O4 used in VPRN and different similar-
ity measures of Qn, Qr, Qs, Qw, QR, QP, Qg, Qev selected in the optimization

Module | mTRE || SR 1 |[Measure | mTRE || SR 1 |Measure | mTRE || SR T
O: 59.78 0.0% QN 88.33 0.0% QY 35.64 | 18.8%
02 39.12 0.5% QL 33.56 | 24.5% QY 27.01 | 47.1%
O3 33.12 6.0% Qs 59.15 0.0% QF 32.57 | 14.3%
O. | 32.04 [14.5%]| Qw | 30.80 |39.3%| QL 8.25 |79.4%

Ablation Study. We conduct an ablation study by progressively adding
modules into VPRN: (1) O; denotes the ResNet-18 baseline using only X-ray
images, (2) Oz: Adding the bone mask branch with feature fusion into Oq; (3)
Os: Adding the skeleton-guided spatial attention into Oz, and (4) O4: Integrat-
ing the bone mask decoder into Os. The ablation results were shown in the left
of Table [2l Each module consistently improves pose regression. In particular,
the baseline without using skeleton bone masks cannot accurately estimate flu-
oroscopic poses under occlusion and domain shift. On the other hand, different
similarity measures were evaluated for the pose optimization procedure. We typ-
ically compare the similarity measures: (1) Qn is NCC, (2) Q. is local NCC, (3)
Qs is the structural similarity index and (4) Qw is WLNCC. We also integrate
the dice into these measures to obtain hybrid measures Q¥, QP, QF and Q.
The optimized results of these measures were summarized at the right of Table
WLNCC (Qw or QF) attains lower mTRE and higher SR than the others.

Discussion. The effectiveness of our proposed registration framework lies in
several aspects. First, the skeleton-guided spatial attention and auxiliary skele-
ton bone mask decoder in VPRN can precisely capture anatomical structures
(skeleton bones) in fluoroscopic or X-ray images, mitigating interference from
non-structure regions that are sensitive to occlusion and appearance changes.
During intraoperative optimization, WLNCC can suppress the influence of un-
reliable non-bone regions, enabling more precise iterative refinement. Moreover,
the dice similarity measure can further enforce the skeleton-bone structural con-
sistency, enhancing stability and robustness of the optimization.

Unfortunately, our method still suffers from certain limitations. First, the reg-
istration depends on the skeleton bone segmentation. The registration accuracy
can be deteriorated if severe skeleton bones are severely occluded or inaccurately
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segmented in real fluoroscopic images. Next, tissue deformation (e.g., heart and
respiratory motion) is still an open problem. Additionally, our registration is a
time-consuming procedure. The registration took about 26 seconds per image.

In summary, this work proposes a new intraoperative fluoroscopy-volume reg-
istration framework established by virtual-supervision pose regression networks
and pose refinement. The experimental results show that the proposed method
significantly outperforms state-of-the-art approaches tested on public DeepFlu-
oro and in-house databases, reducing the target registration error from 66.07 to
8.25 mm in real fluoroscopic images with occlusion and domain shift.
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