ided
led

This MICC/
by the M

version, except for the format and this wate

M ICCAI final published version is available on SpringerLink

1ark
K,

X2Bone: Reconstructing 3D Bone Structures
from 2D Biplanar X-Rays via Cross-RWKV
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Abstract. Reconstructing patient-specific 3D pelvic bone structures from
biplanar X-ray images is attractive for routine clinical workflows, as it
enables 3D understanding from widely available low-dose radiographs.
Existing methods often lack effective cross-view interaction to fully ex-
ploit the complementarity between anterior—posterior (AP) and lateral
(LAT) views, and provide limited global structural dependency model-
ing, which leads to structural ambiguity and missing details under lim-
ited projections. To address these issues, we propose X2Bone, an efficient
end-to-end framework for 3D bone reconstruction from standard AP and
LAT radiographs. X2Bone introduces a Cross-RWKV module that en-
ables long-range, bidirectional cross-view interaction with linear com-
plexity, achieving global semantic alignment and feature fusion across
views. To bridge the 2D-to-3D representation gap, we further design a
3D Expand module, which lifts the fused 2D features into volumetric
space via view-dependent depth probability modulation. Extensive ex-
periments on the CTPelviclK dataset demonstrate that X2Bone achieves
the best segmentation performance while maintaining high efficiency. The
results validate the effectiveness of long-range cross-view modeling and
view-aware 2D-to-3D lifting for biplanar 3D reconstruction. The code is
available at https://github.com/pzhhhhh2263/X2Bone!

Keywords: Reconstruction - Biplanar X-Rays - Cross-RWKYV - 2D-3D

1 Introduction

Accurate 3D bone geometry is crucial for orthopedic diagnosis, preoperative
planning, and computer-assisted surgery, particularly in total hip arthroplasty
[ITJI317]. Although computed tomography (CT) provides high-fidelity patient-
specific 3D anatomy, its relatively high radiation dose, cost, and reliance on
specialized equipment limit routine use, especially for large-scale screening and
resource-constrained settings [6].

* Corresponding author.
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X-ray imaging, in contrast, is widely available, inexpensive, and involves sub-
stantially lower radiation exposure [16]. This motivates reconstructing 3D bone
anatomy from a small number of 2D radiographs, which is clinically attrac-
tive yet inherently ill-posed [20]. In practice, anterior—posterior (AP) and lateral
(LAT) radiographs are the standard biplanar acquisition. However, severe depth
ambiguity and anatomical overlap in 2D projections make accurate recovery of
3D geometry highly challenging. Earlier statistical shape model methods can
incorporate anatomical priors, but typically require complex pre-modeling and
careful initialization, and are sensitive to modeling assumptions [TJ9U14].

Recent deep learning approaches enable end-to-end biplanar 3D reconstruc-
tion by learning direct mappings from AP/LAT images to volumetric, point-
based, or mesh-based 3D representations, commonly using encoder—decoder frame-
works with feature fusion [20]. Despite progress, performance under limited-view
settings is still constrained by two key factors: (i) insufficient modeling of long-
range structural dependencies, and (ii) ineffective cross-view interaction that
fails to fully exploit AP/LAT complementarity.

Convolutional neural network models are limited by their effective recep-
tive fields, while transformer-based designs improve global context modeling but
suffer from quadratic complexity with respect to spatial resolution, which ham-
pers high-resolution reconstruction. Meanwhile, existing pseudo-3D reshaping or
input-level fusion strategies often provide weak and unstable cross-view coupling,
leaving substantial structural ambiguity unresolved.

Against this background, achieving efficient modeling of long-range depen-
dencies while fully exploiting cross-view complementarity remains a central chal-
lenge in biplanar 3D bone reconstruction. Recently, the Receptance Weighted
Key—Value (RWKV) model [4[I8] reformulates attention as a recurrent compu-
tation with linear complexity, enabling effective long-range dependency modeling
without explicitly constructing global attention matrices. This property offers a
promising direction for efficient global modeling [BI2223]. However, its extension
to cross-view interaction modeling in biplanar medical imaging remains largely
unexplored.

To address these challenges, we propose a novel framework for 3D bone re-
construction from biplanar X-ray images. First, we design a Cross-RWKYV inter-
action mechanism that explicitly enables global semantic alignment and fusion
between AP and LAT feature streams while preserving the linear-complexity
advantage of RWKV. Second, to mitigate the dimensional gap and information
loss during the 2D-to-3D transformation, we introduce a depth-attention-based
2D-3D Lifting Module, which performs information-preserving volumetric lifting
via orthogonal back-projection.

In summary, the main contributions of this work are as follows:

1. We propose an efficient biplanar X-ray-based 3D reconstruction framework
with explicit cross-view global modeling, achieving significantly improved
reconstruction accuracy over existing methods.
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Fig. 1. (a) Overall architecture of the proposed X2Bone framework; (b) the Cross-
RWKYV module for long-range cross-view feature interaction; (c¢) the 3D Expand module
for lifting fused 2D features into volumetric space.

2. We design a Cross-RWKYV interaction mechanism that enables explicit global
alignment and fusion of biplanar features, effectively alleviating structural
ambiguity under limited projection conditions.

3. We introduce a depth-attention-driven 2D-3D Lifting Module to reduce in-
formation loss during the dimensional expansion from 2D projections to 3D
representations.

2 Method

2.1 Architecture Overview

We first present an overview of the encoder—decoder architecture, and subse-
quently provide detailed descriptions of the individual components in the fol-
lowing subsections. Fig. a) illustrates the overall framework of the proposed
X2Bone. Given a pair of AP and LAT X-ray images from the same subject,
denoted as X and X'2*) respectively, the two views are processed in parallel
by the encoder to perform hierarchical feature extraction. The extracted 2D fea-
tures are then fed into the Cross-RWKV module to enable effective information
interaction and fusion across views. Subsequently, the fused 2D features are lifted
to volumetric space via a 3D Expand module, resulting in voxel-wise 3D feature
representations. Finally, a 3D decoder progressively upsamples the features to re-
store the original spatial resolution, while skip connections are employed to fuse
multi-level features, producing the predicted 3D pelvic mask YPred ¢ RPxHXW
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Fig. 2. Illustration of the proposed Cross-shift. (a) Comparison between Uni-Shift[I§],
Quad-Shift[4], Omni-Shift[22], and our Cross-Shift. (b) Illustration of Cross-Shift with
structural re-parameterization.

2.2 Cross-RWKYV module

AP and LAT views exhibit strong structural complementarity. However, most ex-
isting biplanar 3D reconstruction methods process them as independent branches,
which limits the modeling of fine-grained cross-view correlations. To address this
limitation, we propose a Cross-RWKYV module that explicitly enables long-range
cross-view interaction via a linear-complexity bidirectional Receptance Weighted
Key—Value (Bi-WKV) mechanism, as illustrated in Fig. [[[b).

Cross spatial mix. Given the encoded feature maps from the AP and LAT
branches, we reshape them into token sequences X* and X2t € RT*% | where
T and C denote the sequence length and channel dimension, respectively.

As illustrated in Fig. [2] before reshaping into token sequences, we intro-
duce a Cross-shift operation to exchange and align local spatial context between
the two views for cross-view feature aggregation. During training, the module
adopts a lightweight re-parameterizable multi-branch structure consisting of a
3 x 3 convolution, two parallel 1 x 1 convolutions corresponding to the AP and
LAT views, and an identity mapping. Each branch is equipped with a learnable
scaling coefficient « to adaptively balance branch contributions during train-
ing. At inference time, all branches are analytically merged into a single 3 x 3
convolution, introducing no additional computational overhead.

Taking the AP (resp. LAT) branch as the target, we generate the receptance
gate from the opposite view and compute the key/value from the target view,
enabling gated bidirectional cross-view aggregation:

X X!t — Cross-shift (Xap7 Xlat) ,
R = Xat 1y, K = X*PWg, V2 =XV, (1)
R2P — XapWR’ Klat _ XlatWK’ Vlat _ XlatWV'
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where Wg, Wi, Wy € REXC are learnable projection matrices. With the
above projections, the cross-view spatial aggregation is formulated as

0 = ¢(R'™") ©® Bi-WKV(K?®, V?P),

2
0 = ¢(R™) © Bi-WKV (K™ v'at), @)

where o(-) denotes the sigmoid gating function and ® represents element-wise
multiplication. O2P and O'** denote the cross-view spatial responses of the AP
and LAT branches, respectively. For notation simplicity, we denote the output
of the cross spatial mix as O, = (O, 0%") and the subsequent channel-mix
operations are applied to the two branches separately.

The bidirectional weighted key—value operator aggregates global context across
the entire token sequence. For the t-th token, Bi-WKYV is defined as

T-1 —(|t—i|=1)/T-w+k; ,,. u+k
D im0, € v; + ety

T—1 (l—il—1)/ Ttk
Eizo,z‘#te ([t=il=)/Twth 4 guthe

Bi-WKV(K, V), =

(3)

Here, k;,v; € RC denote the key and value of the i-th spatial token, w € R®

is a learnable channel-wise decay vector controlling distance attenuation, and
u € R® is a learnable bias emphasizing the current token. All exponential and
multiplication operations are performed channel-wise.
Channel mix. Subsequently, the spatial responses are passed into the channel-
mix module to perform feature interaction along the channel dimension. Follow-
ing the RWKYV formulation, the receptance and key are generated by applying
layer normalization and Omni-Shift[22] to the input tokens:

R. = Omni-Shift(LN(O;))Wg,, K.= Omni-Shift(LN(O,))Wgk_, (4)

where Wg_, Wg. € REXY are learnable projection matrices.
The channel-mixed output is computed via a gated channel-wise transforma-
tion:
O, = (¢(R:) ® V.) Wo,, where V. =~(K.) Wy,. (5)

where o(-) denotes the sigmoid function, v(-) is the Squared ReLU activa-
tion, and Wy, W, are learnable projection matrices. Residual connections are
employed to facilitate stable optimization in deep networks.

2.3 3D Expand module

To address the dimensional mismatch between 2D planar features and the 3D
voxel space, we introduce a 3D Expand module, as depicted in Fig. c). Given
the fused 2D feature map Xoq € RE*H*W the module first predicts a global
distribution over the missing spatial dimension by applying a 2D convolution
followed by global average pooling and Softmax normalization:

wq = Softmax (Payg(Convaa(Xaq))), (6)
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where wy € RP represents the learned probability weights along the spatial
dimension that is unobserved in the current view.

Simultaneously, the 2D features are lifted into an initial volumetric repre-
sentation by applying a 3D transposed convolution along the missing spatial
dimension, yielding V4, € REXPXHXW Depending on the input view (AP or
LAT), a view-specific permutation is applied to align the generated dimension
with the spatial axis associated with the predicted probability weights. Finally,
the volumetric feature is obtained by modulating the expanded volume along
this aligned dimension using the learned weights:

Vout - Vraw © 7:)iew (Wd)a (7>

where Tyiew(+) denotes the view-dependent alignment operation. This operation
is performed for both AP and LAT views, producing two expanded volumet-
ric features Vor, and V2 respectively. The final 3D feature representation is
obtained by element-wise summation:

Vi = Vi, + Vo, (8)
where V34 denotes the fused volumetric feature. This mechanism enables the
model to compensate for view-missing spatial information and integrate com-
plementary cues from both AP and LAT views, leading to a more accurate
reconstruction of the 3D volumetric representation.

2.4 Encoder and Decoder

Both the 2D encoder block and the 3D decoder block consist of two successive
convolutional layers, each followed by batch normalization and ReLU activa-
tion. Residual connections are employed to fuse the input and output features,
enhancing feature representation while facilitating stable gradient propagation.
In addition, the 3D decoder concatenates the expanded volumetric features from
the 3D Expand module with skip-connected decoder features to preserve fine-
grained 3D details during upsampling,.

3 Experiments and Results

3.1 Settings

Datasets. Experiments were conducted on the CTPelviclK dataset [12] to eval-
uate the proposed method under bi-planar X-ray settings. We reconstruct the left
hip bone, right hip bone, and sacrum, and discard cases with incomplete pelvic
structures. The resulting dataset contains 779 training and 197 test samples.
Bi-planar X-ray images were simulated as digitally reconstructed radiographs
(DRRs) using the ASTRA toolbox [21].

Implementation Details. All experiments were conducted on a single NVIDIA
RTX 3090 GPU. We trained the model for 100 epochs using Adam[I0] with an
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Table 1. Quantitative comparison on the CTPelviclK biplanar X-ray 3D pelvic bone
reconstruction task. Standard deviations are reported for average scores; best results
are in bold.

Methods DSC (%) 1 HD95 (mm) | Params
L-Hip R-Hip Sac. Avg. L-Hip R-Hip Sac. Avg. (M)
UNet [19] 85.99 84.62 83.90 84.844457 | 4.64 4.79 448 4.644256 | 19.22
Att-UNet [15] 87.81 86.88 86.28 86.9943.33| 4.23 4.17 4.06 4.1543.27 | 23.62
UNETR [§] 82.67 81.62 82.58 82.294515| 6.38 6.86 5.09 6.1114.30| 124.49

SwinUNETR [7]| 85.89 85.38 85.22 85.50+384 | 5.17 4.92 427 4791265 | 62.18
BX2S-Net [3] 87.95 86.98 86.28 87.07+4.01 | 3.92 4.24 3.86 4.01t1.86| 28.99
SAdAOF [2] 87.11 87.91 86.60 87.2143.14 | 4.67 4.04 4.09 4.2742.72 | 416.43
X2Bone (ours) |88.68 87.96 87.23 87.964131| 3.58 3.86 3.68 3.70+1.26| 11.02

Input UNet Att-UNet

UNETR SwinUNETR ~ BX2S-Net
r: . . .
.

SdAOF Ours GT
o T . "

"

"

I sacrum [ Right hip Left hip

Fig. 3. Qualitative visualization results on the CTPelviclK dataset. The first and
second rows correspond to AP and LAT DRRs, respectively, with reconstructed 3D
pelvic structures and ground truth under the same views.

initial learning rate of 1 x 10~%. Performance was evaluated by Dice Similarity
Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95). Paired AP
and LAT X-rays were resized to 128 x 128 with matched in-plane spacing, and
CT segmentations were resampled to isotropic 128> voxels for alignment. Unless
otherwise specified, only AP and LAT views were used as input.

3.2 Performance

We compare the proposed X2Bone with a range of recent state-of-the-art meth-
ods. Table [I] reports the DSC and HD95 scores on the CTPelviclk dataset,
together with the parameters for each model, providing a comprehensive evalu-
ation of reconstruction accuracy and model complexity. The results show that
X2Bone achieves highly competitive overall performance, obtaining the highest
average DSC score of 87.96 and the lowest HD95 of 3.70, outperforming most
existing approaches. Notably, compared with the latest state-of-the-art method
SdAoF, X2Bone uses only 11.02M parameters, demonstrating significantly higher
efficiency while maintaining superior reconstruction accuracy.

Figure [3] presents qualitative visualization results, including the input AP
and LAT DRRs and the corresponding reconstructed 3D organ shapes. As high-
lighted by the yellow dashed boxes (e.g., the distal region of the sacrum and
its internal structures), most competing methods suffer from evident under-
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Table 2. Ablation study of the proposed com- Table 3. Ablation study on the
ponents on the CTPelviclK dataset. influence of the number of views
on the CTPelviclK dataset.
Setting DSC 1 HD95 | |Params.
Baseline 86.16 4.12 | 3.68 Num of views| DSCt HD95]
w/o Cross-RWKV| 87.21 3.89 | 8.68 N=1 87.96 3.70
w/o 3D Expand | 86.78 4.05 6.02 N=2 89.28 3.30
X2Bone (Ours) |87.96 3.70 | 11.02 N=3 89.91 3.19
N=6 90.55 3.02

segmentation. In contrast, the proposed method effectively alleviates topological
discontinuities, producing reconstructions that exhibit higher consistency with
the ground-truth annotations in both global morphology and local structural
details.

3.3 Ablation Studies

Table [2] evaluates the contribution of the Cross-RWKV and 3D Expand modules
on the CTPelviclK dataset. Compared with the baseline model, introducing
either module consistently improves performance, with 3D Expand providing a
more pronounced gain by achieving a DSC score of 87.21 and reducing HD95 to
3.89, highlighting the importance of explicit 2D-to-3D feature lifting for spatial
structure modeling. When both modules are enabled simultaneously, the model
performance is further improved, reaching a DSC score of 87.96 and an HD95
of 3.70. These results demonstrate that Cross-RWKV and 3D Expand exhibit
strong complementarity in enhancing model performance.

We further investigate the influence of the number of input views on recon-
struction performance, as reported in Table [3] To construct multi-view inputs,
DRRs are generated by rotating the X-ray source around the target anatomy.
Starting from the coronal and sagittal planes of the CT volume, N views are
rendered at an angular interval of 90/N degrees for each plane. When N = 1,
this setting corresponds to the standard orthogonal biplanar configuration con-
sisting of one AP view and one LAT view. As the number of views increases,
reconstruction accuracy consistently improves, with the DSC score rising from
87.96 to 90.55 and HD95 decreasing from 3.70 to 3.02 when six views are used.
This trend indicates that additional views provide complementary geometric in-
formation that helps reduce depth ambiguity and anatomical overlap inherent
in 2D X-ray projections. Notably, the performance gain gradually saturates as
more views are introduced, suggesting that the proposed X2Bone can efficiently
aggregate multi-view information without requiring a large number of inputs.

4 Conclusion

In this work, we propose X2Bone, a novel framework for 3D bone reconstruc-
tion from biplanar X-ray images. By integrating the Cross-RWKYV interaction
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mechanism with an efficient 2D-3D feature lifting strategy, X2Bone achieves
state-of-the-art reconstruction performance with a lightweight model footprint.
Future work will extend the framework to other skeletal structures and focus on
building paired real X-ray and CT datasets for validation in clinical scenarios.
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