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Background

• The extensive application of intraoperative fluoroscopy 

across specialties has significantly improved patient 

outcomes by minimizing invasiveness, shortening 

postoperative recovery times, and expanding access 

to lifesaving treatments for patients considered too high 

risk for open surgery.

• 2D X-rays do not provide explicit depth information. This 

spatial ambiguity encumbers the navigation of medical 

devices within 3D anatomical structures, increasing the 

risks of suboptimal device deployment and intraoperative 

complications. 

• Due to the difficulty in differentiating individual vertebrae on 

X-ray, nearly 50% of spinal neurosurgeons have reported 

operating on the wrong vertebra at least once in their 

careers.

Unberath, Mathias, et al. "The impact of machine learning on 2d/3d registration for image-guided interventions: A systematic review and perspective." Frontiers in Robotics and AI 8 (2021):716007.
Gopalakrishnan, Vivek, et al. "Rapid patient-specific neural networks for intraoperative X-ray to volume registration." ArXiv (2025): arXiv-2503.

 



Background

• Volumetric imaging modalities, offer high-resolution 3D 

anatomical and functional visualization. While these 3D 

modalities are routinely acquired preoperatively, they are 

often unavailable during procedures due to their high 

radiation dose or incompatibility with surgical equipment 

and workflows.

• 3D imaging has lengthy acquisition and reconstruction 

times, which diminishes its utility in real-time surgical 

navigation.

• live 3D spatial information is inaccessible during most 

interventions, and mono- or biplane C-arm fluoroscopy 

remains the intraoperative standard for image guidance.

Unberath, Mathias, et al. "The impact of machine learning on 2d/3d registration for image-guided interventions: A systematic review and perspective." Frontiers in Robotics and AI 8 (2021):716007.
Gopalakrishnan, Vivek et al. "Intraoperative 2D/3D image registration via differentiable X-ray rendering." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

 



Input:      Preoperative 3D volume 𝑉 ∈ ℝ3 2D radiograph 𝐼 ∈ ℝ2
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Related Work 

Deep 
Similarity

• Direct pose regression
• Fast
• Low robustness to large offsets
• No explicit geometric constraint

• Requires annotated landmarks
• Sensitive to occlusion
• Depends on keypoint visibility

• Robust to large offsets & occlusion
• Needs no landmarks
• Smoother Optimization Landscape

 



Methodology

a) A pose regressor for initial pose 

estimation.

b) A neural network-based deep 

similarity model in hypersphere 

space. 

c) We introduce a differentiable 

Levenberg-Marquardt (LM) 

optimization strategy as an 

alternative to the gradient descent 

method to accelerate the 

convergence of registration.

Chen, Minheng, and Kong, Youyong. "Intraoperative 2D/3D Registration via Spherical Similarity Learning and Inference-Time Differentiable Levenberg-Marquardt Optimization." 2026 IEEE/CVF Winter
Conference on Applications of Computer Vision.
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Spherical Similarity Learning

• Many learning-based registration methods extract image features using neural networks and then measure the 

similarity between two feature vectors using Euclidean distance. 

• Rigid body transformations belong to the Lie group SE(3), which forms a curved Riemannian manifold rather 

than a flat vector space.

• Euclidean distance only provides a local approximation of the true geodesic distance on this manifold. As a 

consequence, the resulting optimization landscape may become irregular and non-smooth, increasing the risk of 

instability and potentially causing the algorithm to converge to incorrect solutions during the search process.

Riemannian mapping from Euclidean space to the spherical manifold

Spherical distance between two points lie on the sphere

 



Bi-variant distance on SO(4) manifold

Geodesic distance on 𝔰𝔢(3) Riemannian manifold.

• SE(3) is Left-variance, affecting the symmetry of objective function and the stability of optimization landscape.

• Map the pose representation to the bi-invariant group SO(4). 

• A bi-invariant metric ensures the distance between two elements remains unchanged regardless of the reference 

frame.

• Independent of coordinate choices, leading to a more geometrically consistent metric.

Geodesic distance on SO(4) manifold.

where

 



Training and Inference  

where

Domain Randomization

Pose regressor loss

Similarity network loss



Training and Inference

During the inference phase, the estimated initial pose is first obtained through the regressor, followed by 

differentiable Levenberg-Marquardt (LM) optimization based on spherical similarity learning.

The pose refinement is then formulated as an optimization problem:

At each LM iteration, starting from the previous estimate pose, the left-multiplied pose increment is computed as:
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